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Essays in Industrial Organization

ABSTRACT

In this dissertation, I investigate several questions of interest in the field of Industrial Organization.

My contribution to the literature on cheap talk is both theoretical and empirical. By introducing
endogeneity in the precision with which the audience observes the state of the world, I am able to identify
two new effects distorting the experts’ incentives to reveal their private information: a barrier to entry
effect and a guru effect. Moreover, I develop an innovative way to estimate the experts’ ability and biases

in the context of a reputational cheap-talk game.

I contribute to the literature on switching costs and tacit collusion by investigating the impact of
consumers characteristics on the feasibility of tacit collusion in industries with switching costs. The
sophistication and lifespan of consumers have a strong impact the lower and upper bounds of the

switching costs and discount factors which can sustain tacit collusion.

Finally, I contribute to the literature on revenue management and intertemporal price discrimination
by constructing a realistic and rich model of revenue management and studying the welfare impact of the
pricing strategy. The model accommodates heterogeneous consumers and competition between revenue
managers. The practice generally increases both the profits of the company and the consumer surplus as it

allows the company to sell more items.

In my first chapter, Avoiding Judgement by Recommending Inaction: Beliefs Manipulation and Reputational
Concerns, co-authored with Fanny Camara, we investigate experts’ incentives to reveal their private

information on the state of the world when their audience observes the state of the world with some
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endogenous noise. Experts are concerned by the audience’s perception about their ability to get private
information that is informative about the true state of the world. The perception of the audience changes
according to whether or not an expert revealed a piece of information corresponding to the state of the
world. However the audience cannot always observe perfectly the state of the world and the precision
with which it observes the state depends on the ex-ante belief of the audience. To take an example, if
everyone expects a movie to be great, it receives a large number of spectators who can then share their
opinions about it. In the end, everyone gets a fairly precise idea on whether or not the movie was good. If
everyone expects a movie to be dull, no one sees it but no one can tell whether or not the movie was
actually dull.

The incentives of the expert to report her true opinion are distorted in two new ways. First, as she is
unsure about the accuracy of her information, she has greater incentives to comfort her audience in its
opinion that the movie is dull. By doing so, she prevents her audience to update unfavourably its
perception about her ability. We call this effect the barrier to entry effect. Second, she has greater
opportunities to discourage her audience to see the movie if her audience trusts her. The audience of the
expert trusts her when it thinks she has high quality information, i.e. when the expert has a high perceived
ability. The expert’s incentives to manipulate the audience’s beliefs increase with her perceived ability.
But, as the audience correctly anticipates the experts strategy in equilibrium, experts with high perceived
abilities lose their credibility. We call this effect the guru effect. Competition between experts alleviates
the guru effect and can increase the amount of valuable information transmitted to the audience. Our

model has applications in markets for experience goods but also to evaluate investments advices.

In my second chapter, Structural Estimation of Expert Strategic Bias: the Case of Movie Reviewers,
co-authored with Fanny Camara, we use the structure of our theoretical model to estimate the ability and

biases of movie reviewers. This empirical work develops the first structural approach to estimate
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reputational cheap-talk games and applies it to movie reviews released in the US between 2004 and 2013.

We jointly identify prior beliefs on the quality of movies and the reviewers’ biases and abilities. For
given biases and abilities, higher prior movies tend to get more unanimously positive reviews. Once we
identify the prior, we retrieve both abilities and biases using a partition on the prior space: priors either
fall within or outside a truthful revelation set. The truthful revelation set is the subset of the prior space on
which any expert of any ability truthfully reveals her information in equilibrium. Its position in the prior
space also depends on the reputation of the expert. Inside the truthful revelation set, absent of bias, priors
and experts’ abilities determine the distribution of observed recommendations. We can therefore recover
abilities for given priors. Outside the truthful revelation set, for given priors and abilities, experts’ biases
are directly identified from the observed recommendations. We observe variation in the reputation of
each reviewer over time which shifts their truthful revelation set and allows us to identify the effect of
reputation on each reviewer’s bias. Our estimation strategy directly proceeds from the identification as we
use the same partition structure over the set of priors in a maximum likelihood approach.

We find that abilities, defined by the probability for the reviewer to receive an accurate signal on the
movie quality, range from 60% to 89%. The bias, defined as the probability for the reviewer to report a
recommendation that contradicts her private signal, is 10% on average and can go up to 40%. We find a
modest but significant impact of the reviewer’s reputation which translates into the reviewer being more
reluctant to report truthfully high signals compared to low ones. Our estimation takes into account and
quantifies potential conflicts of interest that might arise when the movie reviewer belongs to the same
media outlet as the film under review. Out-of-sample predictions confirm that movie reviewers do have
reputational concerns.

Our contributions are threefold. We are the first to estimate a cheap talk game. We generalize the
identification and estimation approach for voting games developed by Iaryczower and Shum (2012) by

allowing experts to have strategic and then endogenous bias. This paper also contributes to the literature
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on estimating conflict of interest resulting from the increasing concentration of the media industry.

In my third chapter, Market Characteristics and Implicit Contracts when Consumers have Switching Costs,
co-authored with Guillem Roig, we examine how the sustainability of tacit collusion changes with the
sophistication and lifespan of consumers in a market characterized by switching costs. We consider a
dynamic framework in which two competing firms post a unique price per period and use simple
grim-trigger strategies. In this framework, collusion might be sustainable for a given level of switching
costs and discount factors if consumers are short-sighted but not if they are forward-looking. But this
result might not hold depending on whether consumers have the possibility to repeatedly buy the product
or not. In the presence of two representative consumers, maintaining a fully collusive outcome is more
difficult when consumers are forward-looking. This is not necessarily the case when we consider a
continuum of these forward-looking consumers.

We contribute to the literature on switching costs and tacit collusion by solving the game when
consumers are forward-looking and firms use simple strategies with deterministic prices. We also
highlight the importance of the hypotheses chosen to study the feasibility of tacit collusion in a given
market as one factor in the market environment can have a considerable impact on the collusive outcome.

Our work could help to determine which markets are more likely to harbour tacit collusion.

In my fourth chapter, A Welfare Assessment of Revenue Management, co-authored with Pr. Marc Ivaldi
and Pr. Jerome Pouyet, we study the welfare impact of revenue management, i.e. intertemporal price
discrimination when the product availability is limited both in time and quantity, and consumers’ arrival
is random.

We develop a theoretical and rich model of revenue management which allows for heterogeneity in

product characteristics, capacity constraints, consumer preferences, and probabilities of arrival. We also
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introduce competition between revenue managers. We solve this model computationally and recover the
optimal pricing strategies. We find that revenue management is welfare enhancing. Prices change during
the booking period as the revenue manager reacts to the past sales. If she has a lot of time to sell her
remaining stock, she wants to increase her price in the hope that consumers with a high valuation for her
product show up. But she also faces a time limit to sell her products and when this time limit comes close,
she wants to decrease her prices to sell her last remaining items. Compared to a fixed price, profits
increase as revenue management offers more leeway to the seller. Total consumer surplus also increases
for a wide range of specifications, as revenue management raises the number of sales. In the presence of
heterogeneous consumers, consumers with low price sensitivity subsidize ones with high price sensitivity
when demand is low but both types benefit from the practice when demand is high.

The practice is particularly relevant, and widely spread, in the transport industry. Our realistic
framework provides a general answer to the question of the welfare impact of revenue management but is
also flexible and can be applied to a given market to conduct specific welfare analyses. We also contribute

to the literature by introducing competition between revenue managers.
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Avoiding Judgement by Recommending Inaction:

Beliefs Manipulation and Reputational Concerns

co-authored with Fanny Camara



Abstract

We generalize a reputational cheap-talk model by introducing an endogenous level of receivers’
monitoring of the state of the world: when the audience strongly believes that the state is low, the
precision with which it observes the state of the world is also low. For instance, the quality of experience
goods is revealed to the market through consumer reviews. When potential consumers have a low prior
belief on the quality of the good, they are less likely to buy and then review it, generating a noisy ex-post
feedback for the audience. In these situations, experts who have low skills or do not know their ability
misreport their signals in equilibrium as soon as they have a strong prior on the state of the world.
Compared to models with perfect observability of the state of the world, we identify two additional
channels through which reports are biased: an incentive to overreport the low state, which induces a
lower quality in receivers’ monitoring, hence a lower capability to update their perception on the expert’s
ability; and the imperfect monitoring reinforces the incentive to stick to the receivers’ prior belief. Also,
an expert with a higher perceived ability is less likely to reveal a high signal when the prior is low. The
expert can directly impact the receivers’ beliefs about the state of the world through her message, creating
what we call a guru effect. Contrary to the predictions of reputational cheap-talk games with perfect
ex-post observability of the state of the world, the expert’s perceived ability and competition among
experts affect equilibrium reporting behaviours as they enter in the way experts can manipulate beliefs.
Competition between experts reduces the incentives to overreport the low signal and counterbalances the

perverse effects of a high perceived ability.



1.1 INTRODUCTION

Experts do not necessarily offer their expertise on matters that are perfectly observable to their audience
ex-post. Sometimes, the extent to which those matters are observable depends on the advice of the
expert. If Sally advises John not to read a book and John trusts Sally, John cannot ascertain the quality of
the book. If the advice was to read the book, John would know for sure whether he likes it or not. In such
instances, it is not an easy task for the audience to verify the accuracy of the expert’s advice. If John cannot
ascertain the quality of the book, he cannot tell if Sally’s advice was a good one or not. We study experts’
incentives to divulge their true opinion in such frameworks.

We develop a reputational cheap-talk game featuring an expert with noisy private information about
the state of the world who transmits this private information to a group of receivers. The precision of the
expert’s private information depends on her ability to be well informed. The expert wishes to maximize
the audience’s perception on her ability to get accurate signals on the true state of the world, or perceived
ability. We contribute to the literature on reputational cheap-talk game by addressing cases in which the
state of the world is observed with some endogenous noise. The state of the world predicted by the expert
can be the quality of an experience good, the profitability of an investment, or the quality of a scientific
article.

The quality of an experience good assessed by a reviewer is revealed to the market through the
aggregation of individual consumer experiences, which can take the form of simple word-of-mouth
communication or aggregate consumer reviews online. For instance, users of websites aggregating movie
reviews such as rotten tomatoes can post their own appreciation of a movie. The website then aggregates
reviews and presents an audience score next to the average ratings of the critics. The true quality is not
observed perfectly: the lower the share of the consumers who actually purchased and experienced the
product, the less precise the aggregate signal received by the market about the quality of the product. The
profitability of an investment project evaluated by a financial analyst cannot be observed by potential
investors unless enough agents invest in the project. The quality of a scientific article evaluated by a
journal editor can be revealed to the scientific community only if the editor decides to publish it. In all the
above cases, the recommendation made by the expert plays a crucial role in allowing the market to
observe a more or less precise signal about the state.

Games of cheap-talk feature several equilibria, including the babbling equilibrium in which the
audience does not listen to the expert and the expert does not transmit any credible information to the
audience. The babbling equilibrium maximizes the loss of valuable information. Among all the possible
equilibria of the game, we are interested in the equilibrium that minimizes the loss of valuable information.

The structure of the most informative equilibrium depends on whether the expert knows her own



ability or not, i.e. knows how good she is at receiving signals corresponding to the true state of the world
or not.

If the expert knows her own ability and this ability can either be low or high, the high ability expert
reveals truthfully her private signals on the whole range of initial prior beliefs as she wants to separate
herself from low ability experts. Indeed, a low ability expert would tell the truth on an intermediate range
of prior beliefs, i.e. when the probability that the state of the world is not too close to o or 1, but would lie
with some probability outside when her private signal contradicts the most likely state of the world. For
instance, if a high state is very likely and the low ability expert receives a signal indicating a low state, she
conceals this signal with some positive probability. We call truthful revelation set the subset of prior
beliefs on which experts of both abilities reveal their signals. The width of the truthful revelation set gives
an indication on how much information is transmitted in equilibrium.

When the expert does not know her own ability, she shares the same information as the audience about
how good she is at receiving precise signals. The most informative equilibrium features truthtelling in an
intermediate range of prior beliefs and babbling outside for experts of both abilities, meaning that
depending on the prior belief, the message of the expert to her audience is either completely truthful of
totally independent from her private information. Again, we call truthful revelation set the subset of prior
beliefs on which truthful revelation of the private signal is an equilibrium.

The structure of the equilibrium coincides with the one in reputational cheap-talk models in which the
state of the world is perfectly observed ex-post. However, adding the assumption of the endogenous
precision of the ex-post aggregate signal changes the shape of the truthful revelation set in two significant
ways.

First, revelation of information is more likely for prior beliefs in favour of a high state of the world than
for prior beliefs in favour of a low state. Indeed, the truthful revelation set is not symmetric around the
average prior but shifted towards high prior beliefs on the high state of the world. As the precision of the
ex-post aggregate signal is lower when the audience expects a low state of the world, the expert has the
extra incentive to comfort prior beliefs indicative of a low state. By doing so, the expert prevents the
audience from updating negatively its perception about her ability. Applied to experience goods, experts’
reviews favour well-established brands and reinforce pessimistic beliefs about new entrants, creating a
barrier to entry. We call barrier to entry effect the asymmetry of the truthful revelation set with respect to
prior beliefs. This barrier to entry effect only arises when the expert is able to manipulate demand, i.e.
when the precision of the ex-post aggregate signal is endogenous.

Second, for a given true ability, an expert perceived to be more able has less incentives to reveal a
positive signal when the state of the world is likely to be low. If the agents perceive the expert as someone

receiving extremely precise signals about the state of the world, they have a high confidence in her



message. But the trust of the audience creates a perverse incentive for the expert: she can use this trust to
her advantage by consistently confirming prior beliefs indicative of a low state of the world. In
equilibrium, the audience who anticipates the strategy of the expert does not trust her anymore and
truthful revelation does not occur. But it would have, if the expert had a lower perceived ability. We call
guru effect the negative impact of a high reputation on the truthful revelation of private signals.

In addition to the barrier to entry effect and guru effect, the endogenous precision of the ex-post
aggregate signal induces more conformism towards the initial expectations of the audience. Moreover,
competition kills the option for each expert to manipulate demand by sending unfavourable
recommendations when the prior belief is indicative of a low state of the world. Indeed, as the number of
expert increases, so does the probability that at least one of them is of higher ability and finds it optimal to
reveal a high signal truthfully. By doing so, the high ability expert increases the accuracy of the ex-post
aggregate signal and induces more honesty from lower ability experts.

To ease the exposition of the model and of our results, we use a specific functional form to describe
how the precision of the aggregate signal changes with the expectation of the audience: if after observing
the message of the expert, the audience belief on a high state of the world falls below a threshold, the
ex-post aggregate signal is completely uninformative. In the other case, the precision of the aggregate
signal equals one, meaning that the audience observes the true state of the world. When the expert does
not know her own ability, we prove our results for a completely general relation between the precision of
the aggregate signal and the expectation of the audience. When the expert knows her ability however, we
could not find a closed-form solution for the bounds of the truthful revelation set in the more general
setting. Fortunately, numerical examples seem to indicate that our results on the barrier to entry effect
and guru effect hold in the general case.

We use the specific functional form for the precision of the aggregate signal in the introduction of our
model in section 1.3 and in the exposition of our results in sections 1.4 to 1.6. We discuss the

generalization of our results and the impact of competition between experts in section 1.7.

1.2 RELATED LITERATURE

The literature on experts and cheap-talk is wide. Several papers, e.g. Morris [38], examine the case of an
expert advocating for the less desirable solution just to signal her type and gain the trust of the principal in
the future periods. In our paper, we examine a reduced-form model and are only interested about
deviations from truthful revelation.!

Our approach is closer to the ones used in Ottaviani and Serensen [41] and Ottaviani and Serensen

'Although we do not exclude equilibria in which experts with high skills blindly reccommend low prior products just to prove
their value.



[42], and in Gentzkow and Shapiro [23]. Our model is largely inspired from the binary experiment
model in Ottaviani and Serensen [42]: they consider the case in which the expert has a signal on the state
of the world, makes her recommendation, and the true state of the world is ultimately known by the
receivers who update the reputation of the expert. We model our game exactly along their lines except
that we allow for an endogenous level of receivers’ monitoring of the state of the world. In Gentzkow and
Shapiro [23], a similar model is applied to the media industry where the expert is a journalist. While they
model imperfect observation of the state of the world, they do not endogenize the degree of noise.
Introducing the endogeneity allows us to recover the barrier to entry and guru effects and to show that
competition does affect the reporting behaviour of the experts.

Holmstrom [26] studies the case of the investment choices of a manager. The manager can be talented
or not and her talent determines her capability to choose successful investments. This model is close to
ours because if the investment is not chosen, the quality of the project is not observed. The story however
differs from ours as in Holmstrém [26], the incentives not to invest never depend on the initial perceived
ability of the expert which is our guru effect. Such incentives arise because the expert does not manipulate
directly the observability of the state of the world.

Our paper is also linked to a growing literature in finance. Hence, Mariano [34] develops a model of
rating agencies reporting on the profitability of projects. Although our frameworks are similar, our model
is more general: we do not assume that the high type expert is perfectly informed and the low type expert
completely uninformed. The precision of the ex-post aggregate signal is also completely endogenous in
our case. It depends on the message of the expert and on the initial prior, which implies that the expert’s
perceived ability affects her strategy. In contrast, in Mariano [34] a bad project fails with certainty in the
end and a good project succeeds for sure in the case of a good evaluation but fails with some fixed
probability in the case of a bad one. This is clearly problematic in the sense that in equilibrium, the
receivers may not believe the expert when she is not truthful, therefore there is no objective reason why
the evaluation should negatively affect the outcome of the project in that case. Moreover, if the prior is
sufficiently low and the expert not credible enough, the project might not attract investments even in the

case of a good evaluation. In that case, even a good project might fail.

1.3 THE MODEL

An expert observes a private signal over the state of the world and sends a recommendation to a pool of
agents or audience. The agents observe the state of the world with some noise which allows them to
update their belief about the true state. In the process, they also update their perception of the expert’s
ability: if the agents think the expert has received a signal close to the true state of the world, the expert’s



perceived ability increases and vice versa.

The precision with which the state is observed increases with the number of receivers who observe an
individual signal on the state. The idea is that the combined opinions of these agents form an aggregate
signal for the others. For instance, people who read a book can share their opinions about its quality by
posting comments on the internet or by talking to their friends. In the first case, the pool consists in all
internet users, in the second, it consists in the group of friends. The precision of the aggregate signal
increases with the number of agents in the pool who chose to observe a signal on the state of the world, i.e.
read the book. We expose in Appendix A.1 a formal argument on how agents’ individual opinions
aggregate to a single ex-post signal whose precision depends on the number of agents.

We indirectly model the dependence of the precision of the aggregate signal on the choice of agents by
considering that the precision increases with the agents’ belief about a high state of the world after
observing the recommendation of the expert. If people expect the book to be great, a large part of the
pool will read it.

We restrict the way the aggregate signal depends on the choice of the agents. If after observing the
message of the expert their belief falls under a given threshold, too few choose to observe a signal on the
state of the world and the ex-post aggregate signal is completely uninformative. If, on the other hand, their
belief falls above the threshold, the number of agents who observe a signal on the state of the world
exceeds a critical mass and the ex-post aggregate signal is completely informative. If the expectations on
the quality of the book are too low, no one reads the book and reports her opinion about it. If the
expectations are high enough, a sufficient number of people reads the book for their combined opinions
to be perfectly informative about its quality. >

When sending her message, the expert faces three possibilities: a) whatever her message, the agents’
belief falls under the threshold; b) whatever her message, the agents’ belief falls above the threshold; c)
the agents’ belief falls under the threshold if the expert sends a message indicating a low state of the world
and above if she sends the opposite message.

The two first cases correspond to states of the world with prior beliefs associated to them that are either
extremely low or extremely high. In the two first cases, the expert cannot control the precision of the
ex-post aggregate signal through her message. When the prior belief is extremely low, agents never
observe an informative aggregate signal about the state and the expert cannot be credible. When the prior
belief is extremely high, agents always observe the true state in the end and the expert sends a message
corresponding to what she thinks is the most likely state of the world. We go back to a classic reputational

cheap-talk model. In that situation, the expert might disregard her private signal when it contradicts her

*This functional form for the precision of the aggregate signal has the advantage to yield closed-form solutions and clear
intuitions. Most of our results extend to a general functional form.



initial belief.

The third case corresponds to states of the world with prior beliefs that are intermediate. With such
prior beliefs, the expert can manipulate the precision of the aggregate signal using her message, as long as
the audience believes her. This possibility creates a strong incentive to send messages indicating a low
state of the world as the expert ensures that the audience cannot update its perception about her ability.
Because of this incentive, the expert loses her credibility in equilibrium when the prior is low.

We now proceed to a more formal exposition of the model.

1.3.1  INFORMATION STRUCTURE
THE STATE OF THE WORLD

The true state of the world is denoted 6 € {o,1}. 6, or 6 = o means that the state of the world is low.
Initially, both the agents and the expert share a common prior on the true state of the world, which we
denote y, = p(6;), fori = o, 1.> In the course of their interaction with the expert, agents form an updated
prior belief, which corresponds to their belief on the state of the world after observing the message of the
expert and is denoted v; = p(6;|message), fori = o, 1.

Agents do not necessarily observe the true state of the world with probability 1. Instead, at the end of
the game, all players observe an aggregate signal X € {o,1}. X;|6; follows a binomial distribution with
probability of success 7, which is a function of the belief of the audience on the high state of the world

after observing the message of the expert.
p(X[6) = () € |2.1]
2

THE ALL OR NOTHING AGGREGATE SIGNAL

The aggregate signal is completely random, hence uninformative, if the agents’ belief on the high state of
the world falls under a threshold and completely informative otherwise. 7 is equal to ! if the agents’ belief

on the high state of the world is too low and to 1 if the agents’ belief is sufficiently high.

and y ' € [o, 1] is the threshold marking the passage from a completely uninformative to a completely

informative aggregate signal.

*Although technically imprecise, for the sake of clarity we sometimes use the phrase “a high prior on the state of the world”
to refer to high prior beliefs on the state of the world being high. Conversely, we use “a low prior on the state of the world” to
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Figure 1.3.1: The All or Nothing T Function

1.3.2 THE PLAYERS

The expert receives a private signal s € {o, 1} indicative of the state of the world. The private signal is
noisy and a more able expert receives more precise signals. Formally, the ability of the expert, t € {I, h}
with1/2 < I < h < 1, is the probability with which she gets the correct signal about the state:

t =p(si|6;) Vi€ {o,1}. Asthe lowest possible ability ! is strictly greater than !, a signal is always
partially informative. When she receives s,, the expert update her belief on the state of the world and
allocate more weight on the low state than before.

We denote t the expected ability of the expert with respect to the expert’s information set. The agents
do not know the ability of the expert but form a belief on her expected ability at the beginning of the
game: t = hp(h) + I(1 — p(h)). We call this belief perceived ability. If t = ¢, the expert knows her own
ability. If t = £, both expert and receivers share the same information, i.e. the expert only knows her
perceived ability.

Once she has received her private signal, the expert updates her belief on the state of the world and gets
her private posterior p(0]s, t).

We assume that the expert receives zero utility when perceived to have a low ability and a utility equal

to 1 when perceived to have a high ability. The goal of the expert is to maximize her expected utility, hence

refer to high prior beliefs on the state of the world being low.



her perceived ability. As a high ability expert receives private signals reflecting the true state of the world
more regularly, the audience’s perception about her ability increases if the pool of agents believes the
expert has received a signal reflecting the true state of the world.

In our setting, as in Ottaviani and Serensen [42], the group of agents infers the signal received by the
expert using her message and a guess on her strategy. They can then update their perception on the ability
of the expert. Although both the pool of agents and the expert initially share the same information about
the state of the world, i.e. their common prior belief, as soon as the expert receives her private signal,
beliefs of the expert and the agents can differ. To avoid confusion, we add the superscripts a for the

audience or agents and e for the expert whenever we consider it necessary.

TIMING OF THE GAME

Figure 1.3.2 presents the timing of the game. Common features of our model and the classical
reputational cheap talk model are the setup and expert phases. Part (a) of the figure displays the timing
specific to our model. We present the timing of the game with perfect observability of the state of the
world, or benchmark model, in part (b). The benchmark model is a special case of our model where the
precision of the aggregate signal X is 1. (Which we can model by choosing y — 0.)

The steps of the game are:

Step 1 The state of the world is drawn. Both the expert and the pool of agents share a common prior on its
value: p(6;). The perceived ability of the expert is t. The expert’s information about her ability is
given by £.

Step 2 The expert observes privately her signal s. She gets her private posterior belief on the state of the
world p*(84]s, t).

Her message m € {o,1} to the agents is supposed to convey the observed signal. However, experts
can lie and send m # s. A strategy of the expert is a function o(m|s, t) which gives the probability

of sending a message m when the expert’s information set is {2, s}.

In the case of truthful revelation, o(m = ss, f) = 1. We say that an expert uses a truthful strategy

when o(m;|s;, ) = 1, Vi, t. We denote this truthful strategy 0.

Step 3 The agents observe m, make a conjecture &(m|s, ), Vs, t on the expert’s strategy, and update their

belief on the state, v,(m, 7, t) = p*(6;|m, 7, t).

Step 4 The updated prior of the agents determines the precision of the aggregate signal: if v, > y ', then

7(v,) is equal to 1, and to o otherwise.

10



Setup Expert’s phase
1. Common 2. The expert
priors p(6;) receives s,
on the state gets posterior
and t on the on state
perceived p¢(0i]s, )
ability and sends m

(a) Game with noisy observation of the state of the world

Determination of 7 Update of the perceived ability
3. Consumers 4. Make 5. Xis 6. Update
receive m, purchasing drawn on the
update decision = from perceived
their prior precision Fe(v) ability of
v = p*(0,|m, 7,t) of ex-post signal: the expert:
(v p(h|v, X, 7)
(b) Benchmark model
Update of the perceived ability
3. The state 4. Update on the
of the world 6 perceived
is revealed ability of
the expert:
p(i|m, 5,0)

Figure 1.3.2: Timing of the game
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Step 5 The realization of the aggregate signal X is drawn from its distribution F(,,).

Step 6 Agents compute the final posterior p(6;|v, X, 7) and update their perception on the expert’s ability
p(hlv, X, 7).

1.3.3 PRIVATE POSTERIOR, UPDATED PRIOR, AND FINAL POSTERIOR

The expert and agents update their beliefs at each stage of the game using the Bayes rule.
PRIVATE POSTERIOR OF THE EXPERT

A ip(0:)
A tp(6:)+(—1) (1—p(6:))
pi(6ils. 1) = (1.3.1)
_(=Hp(8)
(1=)p(0:)+i(1—p(6:))

ifs=s;

otherwise.

UPDATED PRIOR

Agents make a conjecture ¢ on the strategy used by the expert. They can then form a belief over what

signal the expert actually received s:

a(mls, t)p(s, t)
a(mls, )p(s, t) + a(m|s', )p(s', t)

(s =s|m,o,t) =

The agents use their belief on s to update their expectations on the state of the world, or update prior

belief:

v = p*(0i|lm,7,t) = Z p(6ils;, t) Zp“(gj]m, a, t)p(tt, m, 7) (1.3.2)
j€{o} teT
where p(6;|s;, t) is defined as in Equation 1.3.1.
If the agents expect the expert to use a truthful strategy, the updated prior formula simplifies to:

p(6im;, 0", 1) = p*(6:f5;, 1)

Indeed, when the agents conjecture that the expert plays a truthful strategy o7, they necessarily believe

the expert received a private signal s equal to her message m. In the following, when we consider that the

agents expect a truthful strategy, we denote 5; instead of m;, 6 .*

*In the remaining of the paper, we sometimes do not explicitly condition the probabilities on %, £, or 7. In this case, it is
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FINAL POSTERIOR

7(v,)vi . — v
T(v)vi+(1—7(n))v—; if X = X’

(01X, 7, v;) = (1.3.3)

(=r())v;

[y e o v otherwise.

1.4 INCENTIVES TO BE TRUTHFUL AND STRUCTURE OF THE EQuIiLIBRIUM

1.4.1 DEFINITION OF AN EQUILIBRIUM

We begin by introducing the definition of an equilibrium of the game.
Definition 1. A perfect Bayesian equilibrium of the game is characterized by:

1. The expert chooses o (.|s, t) such that:

" (mls 1) = arg max yE(p(h|m, 3)ls,8) + (= ))E(p(h}n 5)]s, 1
ne(o,1

2. Agents correctly forecast the expert’s strategy: 7(.|s,t) = o*(.|s, t) Vs, t

3. Agents update their belief about the ability of the expert using Bayes’ rule:

plhlm,5.X) = Y p(h|0, m,5)p(6]X,m, )

0€{o,1}

In equilibrium, the agents’ guess on the strategy of the expert is correct. In this game as in other cheap
talk games, there is always a babbling equilibrium in which the expert sends uninformative messages. In
the following sections, we are interested in informative equilibria in which the expert truthfully reveals
her signal on some subset of prior beliefs. A necessary condition to have a informative equilibrium is that
when the agents believe the expert plays a truthful strategy, the expert has indeed the incentive to reveal

her private signal.

implicitly assumed that if a probability is conditional on 3, it is also conditional on f. The same reasoning applies to s and £. This
allows us to substantially lighten the notations.
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1.4.2 INCENTIVE COMPATIBLE SETS AND TRUTHFUL REVELATION SETS
DEFINITION OF THE INCENTIVE COMPATIBLE SETS

To derive the features of the most informative equilibrium, we start by assuming that the agents believe
experts of all abilities plays truthfully and we identify the priors for which it is optimal for the expert to
play according to the agents’ belief. The expert has the incentive to truthfully reveal her private signal if
she expects the audience to perceive her as more able when she reveals her signal than when she lies and

agents do not anticipate it:

p(hygﬁsi?za E) 2p<h’§—i75ivz7z) (1.4.1)

Solving Equation 1.4.1 for i = o, 1 allows us to recover the range of prior beliefs over which the expert

has an incentive to play truthfully. This gives the following definition:

Definition 2. The incentive compatible set of an expert with (perceived or true) ability t and perceived ability t
is denoted IC; ; and defined as:

IC&Z = {yl € [0,1] |p(h|§,-,s,—,z, i) Z p(h|§,,-,si,z, %), Vl}

We can rewrite the condition determining if a prior belongs to the incentive compatible set of the
expert.
We denote p™ and p~ the positive and negative updates on the perceived ability when the agents

observe the true state of the world at the end of the game, namely:

. _ A _ _ hp(h)
o Vi, p* = p(hls;, 6,) = hp(h§+zp(z)

—— N _ (=h)p(h)
« Vi, p —p(h’s_,-,ei) = (1—h)p(h)-f(1—l)p(l)

Equation 1.4.1 rewrites:

p(hsi;si, t,1) > p(hfs_i;si, 1)
Sp p* (05, s) +p P (0[5, s) > pTp (675 s) + pp (0%, si)
Sp" —p ) (O,s) +p~ = (p" —p )P (0L 5-i,s) +p~
©p(67[si 1) = p (02[s-i, ) (1.4.2)

where the second equivalence stems from p* > p~.% Inequality 1.4.2 says that the expert has the

incentive to be truthtelling if and only if she is more credible when telling the truth than when lying.

SFor non trivial values of parameters.
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Formally, after receiving s;, the agents’ final posterior on 6; as expected by the expert and given m; must be

higher than the agents’ final posterior on _; given m_;.

DEFINITION OF THE TRUTHFUL REVELATION SET

The incentive compatible sets are computed assuming agents believe experts of all abilities are truthtelling.
They are useful to study the equilibrium. In particular, if a given prior belief belongs to the incentive
compatible sets of all experts, then truthtelling is an equilibrium when an expert faces this prior belief.

However, truthtelling might be an equilibrium for experts of certain abilities on prior beliefs falling
outside their incentive compatible sets. For instance, a high ability expert who is aware about her ability
might want to signal her ability to the agents by truthfully reporting contradictory signals, even for
extreme prior beliefs. Doing so, she separates from less able experts who cannot mimic her strategy
without hurting seriously how the audience perceives them.

We define the truthful revelation set as the set of prior beliefs for which truthful revelation of the
private signal is an equilibrium for experts of all abilities. It is the intersection of the incentive compatible

sets of experts of all abilities.

Definition 3. The truthful revelation set is the subset of prior beliefs for which truthful revelation of the private

signal is an equilibrium for experts of all abilities. It is given by:
TRS; = MICy;

The truthful revelation set is an indicator on how informative the equilibrium actually is. When the
expert does not know her own ability, i.e. t = ¢, there is only one incentive compatible set and the truthful

revelation set coincides with it.

COMPUTATION OF THE INCENTIVE COMPATIBLE SETS

With the All or Nothing 7 function for the precision of the aggregate signal, agents observe the true state if
their updated prior rises above the threshold and an uninformative aggregate signal otherwise. In that
case, their updated prior constitutes the only piece of information they have on the state of the world and
they use it to update their perception on the expert’s ability.

The expert truthfully reports her private signal if she thinks agents will see her as able, i.e. as an expert
who got her signal right. If an expert thinks the agents are unlikely to believe that the state of the world
corresponds to her signal, she does not reveal it.

With the All or Nothing 7 function for the precision of the aggregate signal, the expectation of the
expert on the ultimate belief of the agents depends on the updated prior v, and the threshold y . If the
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updated prior falls below the threshold, agents only observe an uninformative aggregate signal and their
belief is the updated prior v. If the updated prior rises above the threshold, agents will observe the true
state, which the expert expects to be distributed according to p¢(6;s, t).
Formally:
P05, £ ) = { w68 GG <a
pe(0ils, ) ifvi(5, ) >y

The expert faces three different possibilities.

(A) Whichever message she sends, the initial prior is so low that the updated prior of the agents falls
below the threshold. As the updated prior is always higher when agents believe the expert received
a high signal, case (A) corresponds to v,(5,, f) < y .

(B) Whichever message she sends, the initial prior is so high that the updated prior of the agents is
greater than the threshold. As the updated prior is always lower when agents believe the expert

received a low signal, case (B) corresponds to v,(5,, f) > y .

(C) The initial prior is intermediate, and the updated prior of the agents either falls below or above the
threshold, depending on whether the agents believe the expert has received a low or a high signal.
Case (C) corresponds to v, (s,, f) < x 7' < (s, f).

The areas of prior beliefs that determine whether or not the expert can manipulate the observability of
the state of the world depend on her perceived ability. Figure 1.4.1 depicts how the areas change with the
perceived ability for y ™' = ;. As the (C) area expands with the perceived ability, the expert with a higher
perceived ability has a greater power to manipulate.

In case (A), agents only use their updated prior to update their perception about the expert’s ability. As
aresult, the expert always has incentives to confirm the initial prior ¢ . The incentive compatible set boils

down to { . } Formally, the expert has the incentive to truthfully reveal her signal if and only if:
Vi(gi,ﬂsi) Z ‘Vfi(gfi,ﬂsi) Vi & U; Z l Vi
2

In case (B), the agents observe the true state of the world at the end of the game whatever the action of
the expert. We are back to Ottaviani and Serensen [41] or Ottaviani and Serensen [42]. The expert wants
to truthfully reveal her signal whenever she is confident it is a valuable piece of information, i.e. whenever
her signal does not contradict her posterior on the state of the world. Formally, the expert has the
incentive to truthfully reveal her signal if and only if:

pi(Oilsi ) > p (0-ilsit) Vi1 —t<y <t
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When the initial prior is intermediate however, i.e. in case (C), the expert can influence the precision of
the aggregate signal through her message. An initial prior on the high state of the world y belongs to the
incentive compatible set of the expert if the expert wants to reveal truthfully both a low signal and a high
signal, which either leads to an uninformative aggregate signal or the perfect revelation of the state of the
world.

The expert has the incentive to truthfully reveal a low signal if and only if:

u <t when the expert does not know her own ability,

2

IA A

Vo(50, ) > pe(91|so,2) &

% otherwise.
1—1 1—
T T

The expert has the incentive to truthfully reveal a high signal if and only if:

A ~ when the expert does not know her own ability,
P (051, t) > vo(30, 1) &

otherwise.

1.4.3 THE MoST INFORMATIVE EQUILIBRIUM WITH UNKNOWN ABILITY

In the case of unknown ability, the expert and the agents share a common belief about the expert’s ability

and t = t. In that case, the truthful revelation set coincides with the incentive compatible set.

Proposition 1. The most informative equilibrium displays truthful revelation within the bounds of the incentive

compatible set IC; and babbling outside.

Proof. By definition, outside the incentive compatibility set, the expert is strictly better off by lying.
This excludes any possibility of a mixed equilibrium. The expert cannot send any credible message

outside IC;. Obviously, forall € IC;, truthtelling is an equilibrium. O]

The shape of the equilibrium in the case of unknown ability is simple. It does not depend on the
assumption we made about 7. The expert cannot credibly transmit any valuable information outside the

truthful revelation set.

1.4.4 THE MoST INFORMATIVE EQUILIBRIUM WITH PRIVATELY KNOWN ABILITY

When the expert knows her own ability, i.e. t = t, the truthful revelation set is the intersection of the

incentive compatible sets of the low and the high ability experts.
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INCREASING INCENTIVE COMPATIBLE SETS

When experts know their abilities, the incentive compatible sets of experts with low abilities are included
in the incentive compatible sets of experts with high abilities. In other words, when a low ability expert is
confident enough to tell the truth, a high ability expert is also confident enough. This result holds for a
given, fixed, perceived ability. Obviously, able experts should be able to gain the audience’s trust on their

ability over time.
Proposition 2. IC;; C IC,;for 1 <1< h <1

We detail the proof of this result in Appendix A.2. The proof does not rely on the assumption we made
on 7 and the result extends to the general case.
A consequence of the inclusion of incentive compatible sets is that the truthful revelation set is equal to

the incentive compatible set of the expert with the lowest ability, here I.

STRUCTURE OF THE EQUILIBRIUM

When the experts know their own ability, the equilibrium separates high and low ability experts on

extreme prior beliefs.

Proposition 3. With known abilities, the most informative equilibrium of the game is characterized by the

following strategy:
« The high ability expert is truthtelling over the entire prior space.

« The low ability expert is truthtelling over her incentive compatible set IC, ; = [y , ﬁl] . Fory < u,the
expert sends m, after observing s, and sends m, with a positive probability after observings,. Fory > @,

the expert sends m, after observing s, and sends m,, with a positive probability after observing s,.

We give a detailed proofin Appendix A.3. The proof relies on the result on the inclusion of incentive
compatible sets and is designed along the lines of Ottaviani and Serensen [41]. The proof of

Proposition 3 also extends to a general 7 function.

1.5 THE BARRIER TO ENTRY EFFECT

If the prior belief is to low or too high, i.e. if the prior belief falls in the area (A) or the area (B), the
incentive compatible set of the expert either reduces to { : } or equals the one in models with perfect

revelation of the state of the world. In both cases, the incentive compatible set is symmetric around the
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average prior belief 2. Even though experts can misreport their signals in those cases, the misreporting is
as likely for states of the world with high priors than states of the world with low priors.

If the prior belief falls in area (C) however, i.e. when the expert can manipulate the observability of the
state of the world, the incentive compatible set of the expert shifts towards high prior beliefs, as shown by
the bounds derived in section 1.4.2. We call barrier to entry effect this shift of the incentive compatible set
towards high prior beliefs.

In area (C), the range of priors defining the incentive compatible set of the expert not knowing her
ability is:
<pu <t

S

When the expert knows her ability, the range of priors defining the incentive compatible set of the

———— <y < —F
1+ —Tt 14/

Figure 1.5.1 represents the asymmetric incentive compatible sets of the expert, should the precision of

expert is:

: 1
the aggregate signal pass from 2 to 1 when the expert changes her message from o to 1.

Initial Initial
prior y prior y
14 14
I1C
1 1
2 h 2 h
1C
o T T ) T 1 .
1 1 Perceived 1 1 Perceived
2 ability 2 ability

(2) i (b) i

Figure 1.5.1: Barrier to entry effect when the expert’s ability is unknown (a) or known by the expert
(b) — The incentive compatible set when the expert knows her ability is drawn for t = 0.6.
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When the expert does not know her own ability and can manipulate the observability of the state of the
world through her message, no prior belief on the high state of the world below 2 belongs to the incentive
compatibility set of the expert.

When the expert knows her ability and can manipulate the observability of the state of the world
through her message, the incentive compatible set of the expert is strictly above priors equal to - as soon
as the perceived ability is greater than the true ability, > t. Experts whose perceived ability is greater
than their true ability are not enticed to truthfully reveal their private information even when the state of
the world is ex-ante as likely to be low than to be high.

Hence, as long as the expert can manipulate the observability of the state of the world, the misreporting
of private information is more likely for states of the world with low prior beliefs than for states of the
world with high prior beliefs. Moreover, the barrier to entry effect is more pronounced when the expert

knows her ability.®

1.6 THE GURU EFFECT

Allowing the precision of the aggregate signal to depend on the updated prior belief of the audience yields
a second effect that is absent from reputational cheap talk models where the precision of the aggregate
signal is exogenous : the guru effect. The guru effect arises when for some low prior belief on the high state
of the world, an expert with a low perceived ability reveals truthfully a high private signal, but an expert
with a higher perceived ability wants to use her influence and to manipulate the observability of the state
of the world. She has the incentive to send the low message to prevent the audience to update her ability.
In equilibrium, the expert with the low perceived ability is credible, but not the expert with the high
perceived ability. We give a formal definition for the guru effect.

Definition 4. The guru effect arises when:
Ju, € [o,1] and [t 1], sty € IC;; Ve [t,4] buty ¢ IC; V¥ >t

1.6.1 GURU EFFECT WITH UNKNOWN ABILITY

For some prior beliefs, the expert can manipulate the precision of the ex-post aggregate signal. (Assuming
that the audience trusts her.) The area (C) depicted in Figure 1.4.1 represents such priors. For other prior

beliefs, the expert has the incentive to manipulate the precision of the ex-post aggregate signal to maintain

®Only for the low ability expert as the cut-off at which the incentive compatible set goes above one half increases in t. More-
over, in equilibrium, the high ability expert truthfully reveals her signal on the whole range of prior beliefs.
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the audience’s belief on her ability, creating the barrier to entry effect and the asymmetric incentive
compatibility set depicted in Figure 1.5.1 (a).

For some values of the threshold above which the precision of the aggregate signal is 1, an expert with a
low perceived ability knows that even if she sends a negative reccommendation, she will not be persuasive
enough to prevent the audience from observing the true state of the world. But if her perceived ability
increases, she can persuade the audience not to observe the true state and the incentive to send a negative
recommendation dominates. This incompatibility between the will to manipulate the precision of the
aggregate signal and the incapability to do so when the perceived ability is low creates the guru effect.

Paradoxically, the gains in credibility that should come from a higher perceived ability give perverse
incentives to the expert who loses all credibility in equilibrium as agents anticipate her strategy. With the
guru effect, experts with lower perceived abilities are more credible for some range of prior beliefs.

The guru effect only arises when it is difficult for the low ability expert to convince the audience not to
observe the true state of the world. (Or when the mechanism through which individual signals aggregate

to the ex-post aggregate signal is efficient.)
Proposition 4. The guru effect only arises for u < % and when y = < 2.

Proof. To prove the first part of the Proposition, suppose we have a prior 4, > * and a perceived ability f,
such that an expert with that perceived ability is truthful. Then we necessary have v,(5,, £,) > ™,
otherwise the expert would not be truthful, i.e. we are in areas (B) or (C). As y, > * and the expert is
truthful, looking at the incentive compatible conditions for (B) and (C), we necessarily get f, > u, > 1,
which implies f, > y > * and necessary truthtelling for the expert ,. Hence, the guru effect can only
arise for y < =,

Now, suppose we have a prior y, < * and a perceived ability £, such that an expert with that perceived
ability is truthful. Then we are necessarily in area (B) and1 — £, < y and p, > m = flx, &)
(Conditions for the incentive compatible set and for being in area (B).) Asf(y = 2,,) = £, and
%j‘) < o,f(x,t) > tfor y < 2. Buttheny < !isincompatible withy, > f(x, ) for y* > 1.

If (u,, t,) still belongs to (B), the expert with perceived ability , is necessarily truthtelling. Hence, to
have a guru effect £, must be high enough to switch in areas (C) or (A), which means

1, (50, 1,) < N eu < m Proving that such at, exists for x~ " < 1 is straightforward. ]

Hence, the guru effect is more likely when only the reports of a few agents in the audience are sufficient
to create a fairly precise aggregate signal. Figure 1.6.1 represents the truthful revelation set when y ™ = -,
which displays a significant guru effect. (When the expert does not know her own ability, the incentive

compatible set is the truthful revelation set.)

22



Initial

prior y
1 —
1
:
o T ] .
1 1 Perceived
> ability
t

Figure 1.6.1: The guru effect appears in the truthful revelation set when y™* < 7. (Here y 7' = i)

1.6.2 GURU ErFrECT WiITH KNOWN ABILITY

When the expert knows her ability, the guru effect appears already in the shape of the incentive
compatible set in area (C), i.e. in the area where the expert can manipulate the precision of the aggregate
signal. In that case, the range of prior beliefs compatible with truthful revelation of the signal shifts
upward as the perceived ability increases. Figure 1.5.1 presents an illustration of the guru effect.

Contrary to the situation with unknown ability, the guru effect is directly visible in the incentives of the
expert. As the barrier to entry effect, the guru effect is more pronounced in the case where the expert
knows her ability. But in equilibrium, it is counterbalanced by the even stronger incentives for the able
expert to separate from the low ability one, and for the low ability one to mimic the able expert.

However, when we compute the truthful revelation set, which we present in Figure 1.6.2, truthtelling is
never incentive compatible for the low ability expert, for some values of the perceived ability.

To compute the truthful revelation set, we add the incentive compatible conditions to the conditions
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Figure 1.6.2: When the expert knows her ability, some values of her perceived ability annihilate in-
centives to be truthtelling. (Here y™* = Jand = 0.6.).
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for being able to manipulate the precision of the aggregate signal, which gives:

1—t<yu <t ifv,(5,, ) > x
IC,; = Hr\/? <y < ﬁ ifv,(50, 1) < 7' < 0,(5,1)
= i ifvl(gl,z‘) <x

Such failures to elicit incentives to be truthtelling on some range of priors and perceived ability only
ariseif y ' < 2. Also, we do not find empty truthful revelation sets as soon as the function 7 determining

the precision of the aggregate signal is smooth.

1.7 EXTENSION TO THE GENERAL CASE

We give a brief description of the previous results that extend to a general 7 function. When the 7
function is increasing (and smooth), we can express the agents’ posterior belief as expected by the expert
p*(0°]5, s, 1, t) as a weighted average between the expert’s private posterior and the agents’ updated prior.

This is a more general form for the characterization of the incentive compatible set.

1.7.1 EXPERT NOT KNOWING HER ABILITY

We extend the results on the barrier to entry effect when the expert does not know her own ability. We
also get a preliminary result on the guru effect in this case.

We also show that the extent of information revealed in equilibrium increases with the precision of the
aggregate signal. For two 7 functions, if one is above the other, the truthful revelation set associated to this
function is larger. It means that fast mechanisms of information transmission in the pool of agents yield a
higher degree of information transmission by the expert. Applied to our simplified model, the truthful
revelation set shrinks when the value of the threshold increases. It also means that the greater degree of

information transmission in the simplified model comes from the guru effect.

Proposition 5. The truthful revelation set is increasing with the precision of the aggregate signal: Take two
functions 7,, 7, : [0,1] = [1/2,1], such thatVx € [0,1], 7,(x) < 7,(), then IC;, C IC;,,.

We detail all the proofs of the generalized results in the Appendix A.4.

1.7.2 EXPERT KNOWING HER ABILITY

When the expert knows her ability, the bounds y , i, of the truthful revelation set (i.e. the incentive

compatible set of the low ability expert) now depend on the shape of the function 7(.) and determining
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their behaviour according to the initial perceived ability becomes a difficult exercise. However, numerical
examples seem to indicate that our results on the barrier to entry and guru effect extend to this framework

as well.

1.7.3 COMPETITION BETWEEN EXPERTS

Another extension of our model is the competition between experts. When the precision of the aggregate
signal is endogenous, competition creates more scope to learn the true state of the world and hence limits
the value of manipulating the signal in order to change the precision.

Competition has an positive impact on the amount of information revealed as it softens the incentives
to manipulate the precision of the aggregate signal. This contrasts with the result of Ottaviani and
Serensen [42] who show that when the true state of the world is ultimately revealed, competition

between experts does not matter.

1.8 CONCLUSION

Introducing endogeneity of the precision of the aggregate signal distorts the incentives of the expert to
reveal truthfully her private information. Compared to models in which the audience observes the state of
the world perfectly, the expert has incentives to strategically manipulate the information she sends to her
audience: even if she deeply believes that a high state of the world is more likely, she might want to send a
negative recommendation. We recover two additional effects: the barrier to entry effect and the guru
effect.

The endogeneity of the precision of the aggregate signal also yields a positive impact of competition on
information transmission, a feature missing form reputational cheap-talk games with perfect observability
of the state of the world.

In our model, when the threshold above which the state of the world becomes perfectly observed
increases, information transmission by the expert decreases. Hence, experts have less incentives to
truthfully reveal their opinions when the audience faces a higher cost of observing the true state of the
world, i.e. when the audience would benefit the most from the honest advice of an expert.

Overall our work could help to assess the reliability of experts reports given their past experience and
influence. The effects we recover should be taken into account in empirical analyses of expert reviews, if

the experts have some power on the observability of the state of the world.
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On that point, Socrates, I have heard that one who is to be
an orator does not need to know what is really just, but what
would seem just to the multitude who are to pass judgment,
and not what is really good or noble, but what will seem to be
so; for they say that persuasion comes from what seems to be
true, not from the truth.

Plato, Phaedrus, 260a

Structural Egtimation of Expert Strategic Bias: the Case

of Movie Reviewers

co-authored with Fanny Camara
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Abstract

We develop the first structural estimation of reputational cheap-talk games using data on movie
reviews released in the US between 2004 and 2013. We identify and estimate movies’ priors, as well as
movie reviewers’ abilities and strategic biases. We find that reviewers adopt reporting strategies that are
consistent with the predictions of the literature on reputational cheap-talk. The average conservatism bias
for low prior movies lies between 8 and 11%, depending on the specifications of the model. The average
conservatism bias for high prior movies ranges from 13 to 15%. Moreover, we find a significant, albeit
small, effect of the reputation of the reviewers on their strategies, indicating that incentives to manipulate
demand in order to prevent reputation updating are present in this industry. Our estimation takes into
account and quantifies potential conflicts of interest that might arise when the movie reviewer belongs to
the same media outlet as the film under review. Out-of-sample predictions confirm that movie reviewers

do have reputational concerns.
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2.1 INTRODUCTION

We use a reputational cheap talk framework to model the reviewing behavior of movie critics. Cheap-talk
games describe situations in which a privately informed expert sends a prediction about the state of the
world to some receivers. The expert sends her recommendation at no cost and cannot base her report on
any verifiable (hard) evidence. In this paper, we focus on the subclass of reputational cheap-talk games in
which the expert seeks to maximize her reputation for being well informed. The expert’s reputation
corresponds to the receivers’ belief about the precision of her private information. We develop a new
structural approach to quantify the strategic biases of movie reviewers which arise from their reputational
concerns. Our approach allows us to identify and estimate individual reviewers’ abilities and biases. Our
model has a stronger predictive power than alternative models without reputational concerns, which gives
us empirical evidence that career concerns do shape the behavior of movie reviewers.

Movie reviewers watch films before their official release and get private signals on their quality whose
precision depends on their ability. The career of these reviewers is built on their reputation for accuracy.
Any expert assessing the quality of experience goods has similar reputational concerns. Financial analysts
sell their advice on investment opportunities about which they are supposed to have some private
information. A better reputation for good advice allows them to charge higher prices. Academic referees
in peer-reviewed scientific journals give their opinion on whether or not a paper is publishable based on
their personal assessment of its scientific quality. Signalling their good judgement to the editor can help
their academic career.

In all those settings, the theoretical literature shows that experts may strategically misreport their
private information. In their seminal paper on reputational cheap-talk, Ottaviani and Serensen [42] show
that experts may disregard noisy signals and conform to the prevalent opinion in order to pass for good
predictors of the state of the world. Hence, when there is a strong prior belief on the state of the world
being high and the expert receives a private signal supporting the opposite, she has the incentive to lie and
to pretend that she received a high signal. This tendency for the expert to stick to extreme priors creates a
conservatism bias. In the most informative equilibrium, despite this incentive, the high ability expert
truthfully reveals her signal while the unskilled one conforms to the common prior with some positive
probability. In this binary state setting, when the public belief about the state is more balanced, both types
of experts are inclined to truthfully reveal their signals.

Camara and Dupuis [ 11] and Mariano [34] study a similar game in which the state of the world is
imprecisely revealed. These papers endogenize the precision with which receivers can observe the state
after its realization. In particular, the expert can make it harder for the receivers to observe the true state

by convincing them that it is low. For instance, movie reviewers can discourage consumers to see a movie
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by writing harsh reviews. It is even more true for obscure movies. In this case, the scarce audience of the
movie prevents the market from learning about its quality. Advice not to invest lead to no investment and
thus to the failure of the project, regardless of its quality, which then becomes unobservable. When
unsure about the accuracy of her high signal, the expert has the incentive to send a low report in order to
garble her reputation update. This extra incentive for experts to over-report the low state generates what
we call a manipulation bias. This manipulation bias is stronger for influential experts, i.e. experts who
enjoy a high reputation, as their recommendations are more likely to change drastically receivers’ beliefs.
Contrary to the case of perfect ex-post revelation of the state of the world, both the reputation of the
expert and the polarity of the prior, i.e. whether it is low or high, affect the experts’ strategies.

In this paper, we develop the first structural estimation of cheap-talk games and apply it to movie
reviews. We estimate the unobserved ability and quantify the extent of misreporting for each expert in
our sample. Moreover, our estimation takes into account and quantifies potential conflicts of interest that
might arise when the movie reviewer belongs to the same media outlet as the film under review.

The challenge in estimating biases in the reputational cheap-talk game played by movie reviewers stems
from the unobservability of the movies’ true quality, the experts’ abilities, and of their private signals. Our
estimation strategy has the double advantage not to rely on an estimation or approximation of quality to
which we would compare the reviews, and to allow us to recover the ability and prior-dependent biases of
each expert in our sample. The estimation directly exploits the structure of our theoretical model.

Following Camara and Dupuis [ 11], we extend the model to a continuum of expert’s abilities and
provide a simple characterization of the incentives to be truthtelling. This allows us to characterize a
unique set of priors over which every expert, regardless of her ability, is truthtelling in the most
informative equilibrium. This truthtelling set is at the core of our estimation strategy. In our empirical
analysis, we control for horizontal differentiation by using data on MPAA ratings which are parental
advisory guidelines that are highly correlated with genres. The quality is the vertical element of
differentiation between movies: within each genre, a high quality movie is more likely to please a
consumer than a low quality movie. We identify movies priors as well as experts’ biases, and abilities. For
given biases and abilities, higher prior movies tend to get more unanimously good reviews. For a given
prior, we retrieve both abilities and biases using the partition of the prior space given by the equilibrium
conditions of our theoretical model. This partition consists in priors falling within or outside a truthful
revelation set. This set is the subset of the prior space on which experts of any ability are truthtelling in
equilibrium. Its position in the prior space also depends on the reputation of the expert. Inside the
truthful revelation set, absent of bias, the distribution of observed recommendations is determined by
priors and experts’ abilities. We can therefore recover abilities for given priors. For given priors and

abilities, we are able to simulate the distribution of reviews that critics would give if they were truthful and
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compared this distribution with the one we observe for movies whose priors fall outside the truthful
revelation set. The distance between those two distributions gives us the expert’s bias. We observe
variation over time in the reputation of each reviewer which shifts their truthful revelation set and allow
us to identify its effect on each reviewer’s bias. Our estimation strategy directly proceeds from the
identification since we use the same partition structure over the set of priors in a maximum likelihood
approach.

Our estimation strategy relies on weak assumptions: we assume that, for a given prior, experts of all
abilities report truthfully their private signals if such an equilibrium exists. An alternative for the movie
reviewers would be to play a babbling equilibrium in which their recommendations are completely
uninformative. Since we observe that movie reviewers send reviews correlated to the true quality, we
think this is highly unlikely.! Moreover, as shown by Basuroy et al. [4], Reinstein and Snyder [45], or
Basuroy and Ravid [3 ], consumers tend to take into account movie reviews when they make their
purchasing decision. This behavior is inconsistent with a babbling equilibrium. Our estimation of the bias
does not rely on any additional assumptions concerning which equilibrium is played outside the
truthtelling set, which is fortunate considering that cheap-talk games usually feature multiple equilibria.

We collect a nearly exhaustive data set on movies released in the US between 1990 and 2013 that
contains the main information on directors, production companies, budgets, exact release dates, and
genres. For each of those movies we gather the reviews published on rottentomatoes.com, the reference
website displaying critics from the most influential movie reviewers. The reviews posted on this website
have a binary structure which perfectly matches our theoretical model. (The movie is deemed fresh or
rotten.) Along with the name of the reviewer and her positive or negative recommendation, we collect the
medium in which the review was published and the date of the publication. We use Google trend to
retrieve monthly data on the number of Google searches which measure reviewers’ reputation.

We find movie reviewers’ abilities ranging from 62% to 90%, meaning that the least able movie reviewer
in our sample receives the correct private signal 6 times out of 10 whereas the most able one is correct 9
times out of 10. The average conservatism bias for low prior movies, i.e. the average probability that the
experts in our sample transform a positive signal into a bad review when the prior is low is between 8 and
11%, depending on the specifications of the model. The average conservatism bias for high prior movies
ranges from 13 to 15%. For some reviewers in our sample this conservatism bias goes up to 40%.
Moreover, we find a significant, albeit small, effect of the reputation of reviewers on their strategies,
indicating that incentives to manipulate demand in order to prevent reputation updating are present in

this industry. We estimate an average probability of giving a good review despite a negative signal of 5%

'A previous version of this paper, featuring a reduced-form estimation of expert bias, provides some evidence of this phe-
nomenon.
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among reviewers concerned by potential conflicts of interest.

In order to provide evidence of the performance of our econometric model, we carry out an estimation
of our model on a random subsample of our data set and conduct out-of-sample predictions. We find that
the predicted distribution of reviews matches closely the one observed in the data. We also compare our
model to two alternative specifications: one ruling out strategic biases and one assuming that all experts
have the same ability and this ability is common knowledge. The first one corresponds to a story in which
experts differ in their ability but are nonetheless truthful when sending their recommendations. The
second one corresponds to a story in which experts are truthful because their payoff does not depend on
how well informed they are. We find that our model performs better than these two in predicting the
outcomes in the out-of-sample data, suggesting that strategic biases and career concerns do play an
important role in movie reviewing.

We present the related literature in the next section. Theoretical predictions and our empirical strategy
are presented in sections 2.3 and 2.4. We introduce our dataset in section 2.5 and our empirical analysis in
section 2.6. Out-of-sample predictions are provided in section 2.7. Section 2.8 provides a short

conclusion.

2.2  RELATED LITERATURE

Technically, our estimation method follows the literature on the estimation of voting games by building
on the technique developed by laryczower and Shum [28]. They estimate the political bias of supreme
court judges who aim to take the right decision between rejecting or confirming the decision of the lower
court. The main conceptual difference between our two approaches is that political biases are exogenous
whereas our strategic bias is endogenous as it depends on the prior as well as the ability and reputation of
the expert. They rely on a two-step approach in which biases and abilities are recovered from a first-step
estimation of conditional voting probabilities. By contrast, our identification and estimation strategies
rely on a partition of the set of priors in which we directly embed the structure of the theoretical model.
Assessing the importance of strategic bias in expert reviews is critical as they may have a non negligible
role in the failure or success of new products, as shown in Reinstein and Snyder [45] or in Boatwright
etal. [9]. Gentzkow and Shapiro [23] show that media outlets tend to conform their news coverage to
their readership’s taste in order to build their reputation as reliable news sources. Deviation from truthful
revelation decreases with the verifiability of the state of the world and with competition. Their framework
differs from ours in that the expert cannot influence the precision with which the state of the world is
observed. Some empirical papers have tackled other potential sources of bias: DellaVigna and Hermle

[15] conduct a detailed study of biases caused by conflicts of interest in the motion pictures industry and

32



do not find any evidence of biased reviews when the reviewer works for the company producing the
movie under review. Although we control for conflicts of interest in our estimation, this question is not
central to our paper. Our structural approach yields estimates of biases caused by conflicts of interest that
are significant at 11%. Although our results are not strongly significant, the difference with DellaVigna and
Hermle [ 15] might be caused by methodological differences as they use a reduced form approach.
Dobrescu et al. [ 16] study the impact of media concentration on reviews in the books industries. The
authors also find that reviewers tend to give better reviews to products from the same media outlet,
although they attribute this effect to similarities in tastes. In addition, they find some evidence that
professional reviewers are less favourable to first time authors compared to consumer reviews. However,
they only recover an aggregate effect, do not attribute this effect to strategic considerations and do not
control for the possibility that professional and amateur reviewers grade differently. These papers provide

atheoretical statistical evidence rather than structural estimations and do not quantify the biases.

2.3 A REPUTATIONAL CHEAP TALK FRAMEWORK

In this section, we present the reputational cheap-talk game that we later estimate and characterize the
truthful revelation set, which is at the core of our identification strategy. This set is defined as all priors

supporting a truthful revelation equilibrium for experts of all abilities.

2.3.1 SETTING OF THE GAME

We study a reputational cheap-talk game in which an expert receives a noisy private information (or
signal) about the state of the world, and can communicate her information to her audience. In the
following, we will assume that the state of the world represents the quality of an experience good while
the expert’s audience consists of the consumers who can potentially buy the product.

Figure 2.3.1 presents the timing of the game.

We assume that the quality, 6, is either bad, 8, or good, 8,. We denote by © the quality space,
© = {6,, 0,}. The private signal of the expert, s, is either low, s,, or high, s,. The signal space is denoted by
S = {so, s, }. The expert receives a low signal when she perceives the quality as bad and a high signal when
she perceives the quality as good.

The expert and consumers share a common prior belief about the quality of the product. We denote by
u the common prior on the quality being high, y = pr(6,). The report of the expert takes the form of a
recommendation about the product. The expert can send a recommendation at no cost. The expert

cannot certify that her reccommendation matches her private information nor can consumers verify that
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Figure 2.3.1: Timing of the game

the expert reported her private information truthfully. The recommendation of the expert, r, is either bad,
ro, or good, r,. By sending a bad (good) recommendation the expert tells her audience that the movie is of
bad (good) quality. The reccommendation space is R = {r,, 1, }.

The precision of the expert’s private information depends on her ability. A more able expert receives a
more precise signal. The ability t of the expert is defined as the probability for her to observe a private
signal corresponding to the true quality, p(s;|6;) in which i = o, 1. tis privately observed by the expert.
The expert’s ability is drawn from a common knowledge distribution F over a continuum of possible
abilities [i, 1} . The lowest ability expert receives a completely uninformative signal, t = 2.

The expert cares only about her reputation, which is the consumers’ belief about her ability, denoted t.
The expert derives a utility u(f) of being perceived as having an ability t. We assume the expert’s utility
increases with her reputation. Furthermore, the expert is risk-neutral, therefore u is linear in £. Without
loss of generality, we assume that u(f) = t. The expert’s strategy, ¢ : S X R — [o, 1, is the probability
with which the expert sends the recommendation, r; when she receives the signal, s;: o, (r;) = pr(ri]s:).

Consumers can base their purchasing decisions on the expert’s reccommendation. They form an
updated prior v(5) = p(6,|r, t, &) about the state of the world. The updated prior depends on the
recommendation sent by the expert, the expert’s reputation, and the consumers’ belief about the strategy
played by the expert, o.

After consumption, each purchaser forms her individual opinion about the product’s quality. The
aggregation of the individual opinions of the purchasers forms an ex-post feedback that the entire
consumer population use to compute their posterior belief about the quality. Regardless of their
purchasing status, all consumers rely on the ex-post feedback derived from the aggregation of the
purchasers’ opinions to update their beliefs on the quality. Since everyone uses the same information,
everyone shares the same beliefs. The precision of the ex-post feedback increases with the number of
consumers who decided to buy the product and could therefore form their opinion about its quality. The

precision of the ex-post feedback 7(.) > ! is modelled as an increasing function of v. A higher updated
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prior on the state of the world being high makes potential consumers more likely to buy. In turn, a higher
number of purchasers translates into a more informative ex-post feedback. Formally, consumers observe
an ex-post feedback signal X € {X,, X, } at the end of the game and p(X;|6;) = 7(v). Models with perfect
ex-post revelation of the state of the world are equivalentto 7(v) =1, V.

Ultimately, consumers use their posterior belief on the quality to infer the probability with which the
recommendation sent by the expert is correct and update the expert reputation accordingly.

In this game, the expert has two types of incentives not to reveal her private information truthfully.

(i) When the prior on the product’s quality is extreme and the expert receives a signal that contradicts
the prior, she anticipates that her signal is likely to be incorrect and has an incentive to lie and
pretend having received the signal that is the most likely to be correct. We refer to that as

conservatism bias.

(i) Since consumers are less likely to buy when they expect the product’s quality to be bad, by sending
a bad recommendation, the expert can decrease the precision of the ex post feedback and prevent
consumers from updating her reputation. Therefore, the expert has an incentive to over report the

low signal. This incentive generates a manipulation bias.

The incentive for the expert to overreport the low signal to obfuscate the realization of the state of the
world is stronger for highly reputed experts whose recommendation can change more drastically the
consumers’ updated prior on the quality and then influence more their purchasing decisions. Also
simultaneous competition between experts mitigates the manipulation bias since a good

recommendation written by a competitive expert reduces the deference effect on consumer demand that

a bad recommendation can exert.

2.3.2 TRUTHFUL REVELATION SET

We now characterize the truthful revelation set, which is the set of priors sustaining a truthtelling
equilibrium for experts of all abilities.

The expert is said to be truthtelling if she sends a recommendation r; after receiving a signal s; with
probability one, for i = o, 1, thatis o,,(r;) = 1Vi € o, 1. We denote ¢ the truthtelling strategy.

When consumers think that she is truthful, an expert has no incentives to deviate from truthtelling as
long as she expects a higher utility for reporting truthfully her private signal than for misreporting it.

Mathematically this condition writes as:

Ef(u(t)|si, ri, t,67) > Ef(u(t)|si, r—ist, 0", Vi
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Where ¢” means that consumers believe the expert is truthtelling. In the following, to simplify notations,
we sometimes do not mention the distribution on which we compute the expected utility, i.e. f. We also
replace the pair {ri, ET} by s; which is the signal received by the expert as believed by consumers. When
consumers receive r; and believe that the expert is truthful, they think the expert has received s;. (‘Their
belief on the signal received by the expert is the information they use to update her reputation.) This leads
us to the following characterization of the truthful revelation set. Its proof can be found in Appendix B.1

along the proofs of all propositions in this section:

Proposition 6. Suppose consumers believe experts of all ability are truthtelling. After receivings;,i € {o,1},
the expert has no incentives to deviate from truthtelling if and only if she believes that she is more likely to be
perceived by consumers as being right when she tells the truth (r; = s;) than when she lies (r; # s,):

pe(é,-]r,-, s, t, E(t) > pe(é,,-|r,,-, s, t, E(t)) (2.3.1)

0, corresponds to the consumers’ expectation on the quality. p°® denotes the probability computed by the expert.

Combining inequalities 2.3.1 for s, and s, yields a set of priors for which truthtelling is incentive
compatible. This set of priors depends on the ability and the reputation of the expert. We denote this set
IC, 13- As seen in the proof of proposition 6, only the expected ability of the expert affects the set of
incentive compatible priors and not other moments of the distribution f(f). This makes the analysis
considerably easier as we only need the first moment of the reputation to characterize the truthful

revelation set.
Corollary 1. In models with perfect revelation of the state of the world, IC, ;) = [1—t 1.

Corollary 1 shows that the reputation of the expert, I£(£), does not affect the set of incentive compatible
priors when the state of the world is perfectly revealed ex-post. This set is also centred around 2.

We also show that low ability experts have less incentives to be truthful:
Proposition 7. Fix E(t). Then, IC, 3 C IC, pp <t <t

Hence, the set of priors for which truthtelling is incentive compatible for the least able expert, i.e.
IC, 3), is included in all other sets. It is direct to see that for such priors, truthtelling is an equilibrium for
all types of experts. We call this set the truthful revelation set.

Figure 2.3.2 gives the shape of such a set for different consumer beliefs about the ability of the expert
when t = 0.65.

In this paper, we do not characterize the equilibrium outside the truthful revelation set as it does not

affect our estimation strategy.
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Figure 2.3.2: Truthful Revelation Set for t = 0.65 and 7(v) = . The TRS lies between the two
purple lines. These lines are determined by the set of incentive compatible priors for s,,s,;, and all pos-

sible values of E(t).
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2.4 ESTIMATION STRATEGY

2.4.1 IDENTIFICATION OF ABILITY AND BIAs
INTUITION

We are able to separately identify movies’ priors, reviewers’ abilities, and strategic biases. We use the
common value in reviews to identify the priors: since reviews depend on reviewers’ private signals and are
released simultaneously, they are correlated through and only through the true quality. Indeed, a high
quality movie is more likely to generate high private signals, and then good reviews than low quality ones.
Holding the biases and abilities constant, the prior is identified as movies with extreme priors will tend to
have more unanimous reviews. For a given prior, the partition on the set of priors created by the truthful
revelation set allows us to identify each expert’s ability and bias. We use observations with priors falling
within the truthful revelation set to identify the abilities. For movies whose priors lie in this set, reviewers
reveal truthfully their signals and their ability is given by the distribution of their reviews conditional on
the quality. Outside the truthful revelation set, the strategic bias is estimated using the difference in the
actual distribution of recommendations and the distribution of signals generated by the ability. Finally,
the truthtelling set may vary according to the reputation of the expert. We identify the experts’ reputation

using this shift in the truthful revelation set.

A MORE FORMAL ARGUMENT

We now present a more formal argument for the identification. To obtain our result we make the

following assumption on the game played by movie reviewers:
Assumption 1. Experts play truthfully in the truthful revelation set.

This assumption amounts to say that experts are truthful when truthtelling is an equilibrium.

Let us introduce some notations:

« r;j € {0, 1} is the recommendation or review given by the movie reviewer i to the movie j in our

database. It corresponds to the recommendation in the theoretical model.
« 1; is the vector of reviews for movie j.

-y = Pr(6; = 1) is the prior belief about the movie. It is movie specific and common to all

reviewers.>

?As in the theoretical model, we assume away heterogeneous priors. Identification does not hold in that case.
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* Vo= Pr(r;j =1/6; =9, yj) for @ = o, 1are the reduced-form conditional probabilities of sending

a good review.

The first step consists in maximizing the likelihood of observing the vector of reviews r;:

max Pr(n) = [[ 7= 0 )7+ (=) [0 =)
{Ti,177’i,o}i:lv{!‘v]-}j:l — L

st. 7, > 7 (2:41)

Since reviews are independent conditional on the quality, r; follows a multivariate mixture distribution
with mixing probabilities 4. Suppose first that the conditional probability of a good review, 7, o, is
invariant over the movie prior. That would be the case if the strategic bias did not depend on the prior. In
this setting, the nonparametric identification of the mixing probability and marginal distributions has
been proven in several papers dealing with identification of mixture distributions such as Allman et al. [ 1]
as long as we observe at least three reviews for each movie and we assume that 7, > 7, , . The last
inequality holds in our model since we assume that all reviewers have at least a 50% chance of receiving
the correct signal about the quality.

However, in our framework, the conditional probability of giving a good review depends on the prior
since the reviewer’s strategy varies with the prior. We rely on an exclusion restriction in order to identify
our structural parameters.

To precise how our identification strategy works, let us detail the reduced-form grading probabilities
7,0 according to our structural assumptions. In the following, we denote y; and ; the infimum and
supremum of the truthful revelation set of movie reviewer i. Although it does not appear in the notations,
we allow these bounds to depend on time in the estimation as reputation may vary. We also denote

b~ = p(r =o|s,) and b™ = p(r = 1s,) the expert’s negative and positive bias.

Table 2.4.1: Probabilities of giving a good review conditional on the true state of the world and on
the prior

Prior Yix Yio
< ti—b") (—-ta—-b")
¥ € [&, E} t 1—t
> t+(a—t)bt  (1—t)+tbt

Note that the expert always reveals her private signal if this signal confirms the prior: the bias only
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concerns contradictory signals. Substituting the expressions in Table 2.4.1 in the likelihood function

yields:

fobr 4t ) (s}
b <) [(60 =BG — 60— b))

1 (€ | ) 16— 1]

b > ) [+ (= b6t — (= )b )] }

st.t; € [i, 1} (2.4.2)
2

The intuition for identification clearly translates into the formulation of the likelihood. Our

identification stems from this partition over the set of priors: the ability t; is identified on [yi, E} , whereas

the negative and positive biases, b;” and b;", are identified on [o, yi] and [F‘_n 1} . Also, we can directly
recover the parameters of interest of our model, t;, b;”, and b, since they are related with the

reduced-form conditional grading probabilities in a simple way.

2.4.2 ESTIMATION

We allow the prior y; to depend parametrically on movie characteristics w; via the following logit

formulation:

exp(w;B)
1+ exp(wjpB)

Elements in w; include information on movies available to the market prior to their release, for instance

w(w;; B) = € [o,1]

the experience of the director measured as her number of previously directed movies, the production
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budget, a proxy for the genre of the movie such as MPAA ratings, whether or not the movie has been
produced in the US, whether the movie is an original production, a remake, or a sequel.®

Similarly, we have to estimate the initial reputation of the reviewer as it will affect her truthtelling
revelation set [yi, E] . More precisely, as seen in the theoretical section, 4, and g, are both functions ¢ and
¢ of the prior ex_pectation of consumers about the expert’s ability, E(ti).;Ve compute these functions

using the characterization of IC, (3, provided by equation 2.3.1. We estimate [E(t;) via the following logit

formulation:

E(t]w;; §) = _ep(wid) [1 1}
’ 1+ exp(w!8) — L2’

in which w; is a shifter for the experts’ reputation.

Since we need the reputation to be at least greater than one half, we impose & to be greater than zero.*
Since we choose w; to be a shifter for the expert’s reputation, we consider this assumption as innocuous.
Also note that we allow the reputation as well as w; to vary through time.

Also, to simplify notations, we introduce the following denominations for the partition over the set of

possible priors:

o Li(w;8) = [o, o(E(t]wi; 8) )] : the set of priors lower than priors in the truthful revelation set. In
this set, the expert can be affected by negative bias.

o Ig(w;8) = [E(E(t,-]wi; 8)), p(E(t]|w;; 8))]: the truthful revelation set.

o Ic(w;; 8) = [0, 9(IE(t|w;; §))]: the set of priors greater than priors in the truthful revelation set. In
this set, the expert can be affected by positive bias.

All these sets depend on the reputation of each expert via § and w;.
{t,-, b, b }?:1 are reviewer-specific and estimated using only the distribution of reviews.

All the parameters are estimated by maximizing the following likelihood function:

*Including the actors would be difficult as an actor’s notoriety can vary greatly during her career and we would therefore need
the actors’ reputation for all movies in our panel.

*Remember that the expert’s reputation is the expectation on her ability, and t > .
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{t,-,bff?fi?:l,ﬁ,s
D log [m; ) H{ (61— 0))" 0 — b+ 1)

. )
)[e6-o]
)+ =05 (0= 0 - 5] }
(@ B) € (i §)) [(0= )0 = b)) (6 + (1= )b, )|
Ja—wre]

)

(= 1) + 667 (60— 67 }]

st.t; € [£,1i| , b b €lo,1],8§>0 (2.4.3)
2

We provide a more robust estimation strategy taking into account potential conflicts of interest
between the reviewer and the production company of the movie in Appendix B.2.

We conclude this section by stating two assumptions we used in our estimation:
Assumption 2. t = 0.55

Assumption 3. The precision of the aggregate signal X is linear in the intermediate posterior of the consumers,
more precisely: T(v) = 2.

By definition, the truthful revelation set is the set of incentive compatible priors corresponding to the
lowest ability t > *. Since we do not know the value of the lowest ability in reality, a robust approach
would be to choose t as close to one half as possible. Indeed, by proposition 7, the chosen truthful
revelation set would lie within the actual one. However, the truthful revelation set converges to a line
when t tends toward one half, making it impossible to identify the ability.> We therefore choose t = 0.55
in our estimations. We feel this value is close enough to one half to be robust, a feeling confirmed by our

results: all our estimates of the reviewers’ ability are well above this threshold.

SWhen the truthful revelation set is a line, the probability that an observation falls within is zero.
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Assumption 3 is a simplifying assumption restricting the way consumers react to the reviews. In the

future, we plan to estimate a parametric formulation of 7(v) = * zva witha € RT.

A graph depicting the truthful revelation set used for our estimations can be found in Appendix B.4.

The shape of this set depends on these two previous assumptions.

2.5 PRESENTATION OF THE DATA

We use movie ratings by professional movie reviewers published in the rottentomatoes.com website. This
website gathers reviews from the most prominent movie reviewers in North America. The reviews
provided by rottentomatoes correspond to rescaled grades of the original reviews’ numerical or
alphabetical scores. When the original review is associated with no grade, or the grade is average, for
instance 3 stars out of s, rottentomatoes assigns a rating based on the tone of the review. Hence, each
review is associated with a fresh or rotten rating, a binary structure completely in line with our theoretical
model and structural technique of estimation.

We restrict our dataset to ratings by reviewers qualified as top critics by rottentomatoes on movies
released in the US between 1990 and 2013. The reviewers in our sample are therefore professional
reviewers likely to be driven by career concerns, which is in line with our theoretical model. The dataset
has a panel structure whose two dimensions are the movies and the reviewers.

Each review contains the newspaper or TV show in which it was given, the name of the reviewer, and
the date of the publication. We only keep reviews which are close in time so as to ensure that competition
is indeed simultaneous and no herding behaviour occurs.

We combine these reviews with data on movies’ characteristics, collected on the imdb.com website, i.e.
the Internet Movie DataBase. For each movie, the dataset includes the official release date, the total
box-office revenues, the production budget, the number of screens on which the movie was run during
the opening weekend, the MPAA rating, the genre and whether or not the movie was produced in the US.
In addition, for each movie, the dataset contains the director’s name and the number of films she directed
in the past.

Finally, we include some reviewers’ characteristics to control for their reputation, namely an index
summarizing the number of monthly searches on Google provided by the website Google Trends, and
some characteristics of the newspapers or TV shows for which they gave their reviews. We also control for
potential conflicts of interest by identifying cases in which the newspaper and the production company of
the movie belong to the same media outlet.

Our complete sample contains a total of 118,208 reviews over 5,578 movies by 1,242 reviewers. The

variables in our dataset are extensively detailed in Appendix B.3.

43



In the following, we describe more precisely how we build our dataset.

2.5.1 MOVIE REVIEWERS

Rottentomatoes defines its top critic category on the basis of the size of their audience.®

We focus on the more prolific reviewers in our sample, i.e. those who individually published more than
850 reviews.” Indeed, we need to observe many reviews per reviewer to be able to estimate their
individual abilities. 44 of them individually published more than 850 reviews, our most prolific reviewer
being the famous Roger Ebert with 3,277 reviews.

We choose the reputation shifter of the reviewers w; to be an index representing the number of monthly
Google searches for each of them. This index is provided by the website Google Trends and takes values
between o and 100, 100 being attributed to the point in time when the popularity of the reviewer is
maximal.®

To take into account the experts’ reputation, we have to disregard nine reviewers as they have highly
popular homonyms and we cannot disentangle their reputation from the reputation of the celebrity they
share their name with. For instance, we have to exclude a Roger Moore, who clearly never played the role
of a famous British secret service agent.” We end up with 35 reviewers, whose list is found in
Appendix B.3. Overall, these reviewers produced 48,278 reviews, which represents about 41% of our total
number of observations.

We also observe the medium through which the reviewer gave her review and the precise date of the
review. Reviewers in our sample publish in various kinds of media, from national TV and radio shows to
local newspapers. We are able to identify whether or not the medium is addressed to a general or a
specialized audience, whether or not its coverage is nationwide or statewide. The date of the review allows
us to ensure that we consider a simultaneous competition game. Since Google Trends data only start in

2004, we only consider reviews given from 2004 to 2013. We also exclude movies released prior to 2003

®According to Rottentomatoe, “To be considered for Top Critics designation, a critic must be published at a print publication
in the top 10% of circulation, employed as a film critic at a national broadcast outlet for no less than five years, or employed as
a film critic for an editorial-based website with over 1.5 million monthly unique visitors for a minimum of three years. A Top
Critic may also be recognized as such based on their influence, reach, reputation, and/or quality of writing, as determined by
Rotten Tomatoes staff.”

"The threshold of 850 reviews is arbitrary: it gives the maximum number of movie reviewers for an acceptable amount of
reviews.

$When comparing the popularity of two reviewers, the returned values are computed relative to the maximum number of
searches for either of them over the period. Since the most popular reviewer in our sample, Roger Ebert, is clearly an outlier in
terms of reputation and we do want to observe some variations between reviewers’ reputation, we choose a moderately popular
reviewer, Peter Travers, as our benchmark and compare all the others to him.

°Our systematic rule to determine whether or not a reviewer has a famous homonym is typing their name in a web search
engine and checking that all first results concern a movie reviewer.
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as some movies of the 1990s are given late reviews for their DVD release ten years later.'® We consider
that these reviews could be biased by some herding behaviours which do not enter into the scope of our
analysis. Our final dataset shows an average standard deviation of 39 days for the dates of the reviews. We
aim to reduce this standard deviation by excluding late reviews in future estimations.

We finally exclude all movies with less than four reviews because: (a) we need variations in the reviews
to identify the prior of the movie, (b) we want movies with a comparable number of reviews to lift the
issue of a potential selection bias from reviewers. Our final sample contains 30,531 reviews over 2,413

movies by 35 reviewers.

2.5.2 DESCRIPTION OF THE MOVIES

Our dataset consists of movies released in the US between 1990 and 2013 which have been granted a
rating by the Motion Picture Association of America. The MPAA ratings are guidelines given to parents
on the contents of movies: they consist in the five following different grades G, PG, PG-13, R, and
NC-17. Although these ratings are not central to our analysis, we choose to focus on MPAA rated movies
because they represent a large part of all movies released in the US. Indeed, the six main production
companies are part of the MPAA and must therefore submit their products to the rating system.

Table 2.5.1 presents some descriptive statistics on the movies in our sample. As shown by the
converted budget in today’s US$ and the width of the release as the number of screens in the opening
weekend, our sample features blockbusters as well as more independent movies. Indeed, the average
production budget for a wide release in the USA is $66 million which is twice our sample average.'" Also,
our median movie is released on only 179 screens in the opening week, which is below the cut-off value
above which you can consider a movie as a wide release: 600 screens according to Einav [ 18]. That does
not necessarily mean that lots of movies in our sample are small confidential productions, also known as
movies in limited release, but more probably some of our movies have been first released in a few cities to
build a reputation and then have been displayed on more screens. These movies are called platform release.
The US gross profit expressed in today’s US$ also shows a diversity in the way movies have succeeded,
from big hits to big failures, with a relatively high standard deviation. # weeks stands for the total number
of weeks during which the movie has been screened on some theater in the US. On average a theater runs
a movie from 6 to 8 weeks, but some might run it longer, so our median total number of 11 weeks seems
consistent with this observation. (See Einav [ 18] for figures on the average run of a movie.) We also
include the number of previous movies by the same director, which should influence the prior on the

movie, and is concentrated around low values in our dataset, with a long thin tail.

1%We choose to include 2003 to keep the movies released in late 2003 and reviewed in early 2004.
1Source: www.the-numbers.com
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Table 2.5.1: Some descriptive statistics on the movies

B.O.US (Ms$) #weeks

# screens 1st week Budget (M$)

#Previous Movies

# obs. 4821 4563 4312 3556 5578
Median 9.7 11 179 23 3
Mean 38.9 12.15 119§ 39 5.33
St. Dev.  68.7 9.32 1342 45 7.18
Highest  Titanic: 951 Roving Mars: ~ The Dark Pirates of the Chunhyangdyun
167 Knight Rises: Caribbean 3: (Im,
4404 335 Kwon-taek): 96
and Avatar: 821 Deep Sea: 165 Iron Man 2: Titanic: 289 Eloge de
4380 I'amour
(Godard,
Jean-Luc): 74
3rd The Avengers: Aliens of the Harry Potter Spider-Man 3: Kakushi ken oni
629 Deep: 142 and the Deathly 288 no tsume
Hallows - Part (Yamada, Yoji):
2: 4375 72

2.5.3 MEDIA OUTLETS

We conclude the description of our data by detailing the potential conflicts of interest we find in our

sample. We follow DellaVigna and Hermle [ 15] and create a dummy variable equal to 1 if the production

company of the movie and the medium of the review belong to the same media outlet at the time of the

review. Since this question is not central to our paper but included to show that our results are not driven

by the wrong kind of bias, we do not provide a description as detailed as in their paper.

We identify a new potential source of conflicts of interest: the Disney Media Group which controls the
Ebert & Roeper TV show and studios such as Miramax and Walt Disney Pictures.

Overall, only 1.4% of our observations are affected with these conflicts of interest. All possible conflicts

of interest that we are aware of in our sample are detailed in Appendix B.3. Note that when reviewers

express themselves on several media, we only consider the reviews in media in the same group as the

production companies to be problematic.

2.6 RESULTS

We now turn to the results of our empirical analysis. Table 2.6.1 and Table 2.6.2 present the

movie-specific estimates and a summary of the reviewer-specific estimates under two alternative

46



specifications. Compared to specification (I), specification (II) includes the budget in the determination
of the prior and takes into account potential conflicts of interest. Table B.4.1 in Appendix B.4 gives the

exhaustive list of the reviewer-specific parameters’ estimates.

Table 2.6.1: ML estimates for the prior, reputation, and conflicts of interest — Specification (I1)
includes the budget and conflicts of interest

@ (Ir)

Bootstrap Bootstrap

Coefl. SE Coeft SE
Movie Specific, B
Constant 1.249 (0.040) 1.124 (0.004)
Origin: USA -1.494 (0.038) -1.440 (0.016)
Origin: co-production USA -1.539 (0.074) -1.554 (0.083)
Remake -0.501 (0.247) -0.439 (0.228)
Sequel -0.496 (0.053) -0.432 (0.115)
Number of director’s previous films 0.016 (0.000) 0.016 (0.000)
Grating 0.949 (0.173) 0.988 (0.332)
PG rating 0.087 (0.076) 0.470 (0.191)
R rating 0.484 (0.043) 0.530 (0.040)
NC-17 rating 0.690 (9.160) 0.650 (4.1 17)
log budget 0.000 (0.000)
Reputation, §:
Google Search Index 5.9X10 * (0.000) 5.9xX10 " * (0.000)
Conflict of interest, b°:
Average Bias 0.05§ (0.034)
# Observations: 30440 22674

Notes: Bootstrap Standard Errors are computed on 100 iterations for (I) and 500 for (II)

The prior depends positively and significantly on a movie being a foreign production. Our
interpretation is that low quality foreign films are in general not successful enough to be released in the
US. When facing a foreign movie, consumers rationally expect it to be of high quality. Remakes and
sequels also impact negatively the prior. The result on sequels is in line with an empirical observation that

consumers give significantly lower grades to sequels: in general the sequel must be of lower quality than
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the original work, hence the lower prior. The same story can apply to remakes, although the coefficient in
this case is less significant. As expected, the director’s experience impacts positively and significantly the
prior on the movie. Compared to a PG-13 MPAA rating, G and R ratings impact positively the prior
whereas PG and NC-17 are not significant. We use these ratings as controls for the content of the movies.
Surprisingly, the budget has no strong impact on the prior. Our interpretation is that the gains from a
larger budget, i.e. better actors, special effects, etc., might be counterbalanced by a loss in originality and
quality from big productions.

The coefficient on the Google search index is quite small and suggests that consumers’ manipulation by
movie reviewers is limited. With such a coefficient, only Roger Ebert would have had a real shot at
decreasing demand to maintain his reputation, but as the estimates of his negative bias suggests, he did
not use this mechanism. However, this result means the model with endogenous realization of the state of
the world is a better fit to the data than the model in which we learn the state of the world at the end of the
game. Indeed, the estimates do suggest that the truthful revelation set is shifted towards high prior movies
if the reputation is high enough. If experts were not able to manipulate demand, § would have been equal
to zero.

The small amplitude of the effect might be an artifact of two assumptions: (a) the linearity of the
precision of the aggregate signal, (b) the implicit assumption that movie reviewers operate in autarkic
markets. To check the robustness of our findings, we can (a) estimate the precision of the aggregate signal
as a function of the prior and the reviews, (b) estimate a model in which movie reviewing is part of a
competitive market.'?

Finally, we find a positive bias caused by some conflict of interest. This bias is quite large since
reviewers turn a bad review into a good one 5% of the time when reviewing a movie from the same media
outlet. It is significant at an 11% level.

All our estimates are robust to the change in specification from (I) to (II). This is in line with the fact
that the budget has no effect on the prior and that conflicts of interest should also be independent from
the movie prior.

Table 2.6.2 summarizes our findings on the reviewer-specific parameters, i.e. their ability, negative bias,
and positive bias. First, all the estimates are robust to the change in specifications: the number of
instances in which we have a conflict of interest is probably too small to bias the estimates of b~ and b™ in
(I). The average ability of experts in our sample is quite high, with movie reviewers being able to correctly
observe the quality of a movie 78% of the time. The average positive and negative biases are significant

with reviewers reporting a negative opinion after receiving a positive signal and vice versa 8% and 15% of

2In that case, the fact that we exclude movies with less than four reviews necessarily leads to an underestimation of the
feasibility of manipulation.
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Table 2.6.2: Summary of ML estimates for reviewer-specific parameters — Specification (II) includes
the budget and conflicts of interest

(D) (1)

t b~ bt t b bt
Median 0.78 0.04 0.11 0.77 0.08 0.11
Mean 0.77 0.08 0.1§ 0.77 0.011 0.13
St. Devw. 0.06 0.11 0.13 0.06 0.011 0.13
Highest ability =~ Robert Denerstein: ~ 0.898 0.107 0.001 0.898 0.146 0.013
(0.009) (0.035) (0.034) (0.021) (0.062) (0.042)
Lowest ability Kyle Smith: 0.619 0.345 0.000 0.654 0.363 0.000

(0.015) (0.047) (0.000) (0.026) (0.065) (0.000)

# Observations: 30440 22674

Notes: Bootstrap Standard Errors are computed on 100 iterations for (I) and 500 for (II)

the time.

The highest ability reviewer, Robert Denerstein, has a precision of 90% and no bias on high prior
movies. However, for low prior movies, he will send a bad review after observing a positive signal 11% of
the time. Kyle Smith, the lowest ability reviewer, only observe the accurate signal 62% of the time and has
a strong negative bias of 34%.

A surprising feature of our results is that some reviewers are apparently strongly polarized, i.e. they are
either prone to negative criticism or to positive criticism. For instance, Liam Lacey has a strong negative
bias of 41%. But he is truthtelling for movies with positive priors. On the opposite, Joe Baltake is
completely truthtelling for low prior movies, but has a strong positive bias of 43% for high prior movies.
At this point, we do not know whether these differences are mere features of the strategies played at
equilibrium, if they are explained by different personal tastes towards negative or positive criticism, or if
they indicate that reviewers are heterogeneous in their abilities to recognize high and low qualities.

Finally, it does seem that more able experts are less prone to bias: we find a slightly negative
relationship between bias and ability. However, having observations on only 3§ reviewers, this

relationship is not significant.

2.7 OUT-OF-SAMPLE PREDICTIONS

In this section, we test the predictive power of our model. We find that the predicted distribution of

reviews matches closely the distribution of reviews observed in the data. Our model also better fits
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out-of-sample data than two alternative models: one ruling out strategic biases and one assuming that all

experts are equally well informed and that their ability is common knowledge.

2.7.1 TESTING PREDICTIVE POWER

Applying our model’s estimates to new data, i.e. new movies, we can recover the priors on their quality
but also the ex-ante probability, i.e. prior to observing the private signal, that a particular reviewer gives a
good or bad review to a movie. However, we only observe the realization of this ex-ante distribution,
which is the final review. Testing the predictive power of our model is therefore difficult since we cannot
directly compare the estimated and realized outcomes.

To overcome this difficulty, we group together observations, i.e. couples of movie and movie reviewer,
for which our model predicts similar probabilities of good reviews. Within each group, we then compute
the actual proportion of good reviews which corresponds to the observed probability of a good review
conditional on belonging to the group. With this method, we cannot generally conclude that a model
with similar predicted and observed probabilities is a good predictor."* We can however rule out models
whose predicted probabilities differ widely from the actual ones.

We provide an additional proof of the relevance of our model by comparing its predictive power to the
one of alternative models. To achieve this goal we compute the confusion matrix of our model: for each
movie-movie reviewer couple in our out-of-sample data, we draw a realization of the review from our
estimated ex-ante distribution of giving a good or a bad review. We then compare this realization to the
actual review given by the reviewer. If they are similar, we say our model classified the observation
correctly. Repeating that several times, we can obtain an average classification ratio. Doing that same

operation for alternative models, the best one has the highest average classification ratio.

OUT-0OF-SAMPLE DATA

We randomly split our main data set used in section 2.6 and estimate our model on 80% of the movies in
our sample. The 20% remaining, which form our out-of-sample data set, are used to test the out-of-sample
predictive power of our model. Out of the 1661 movies and 22674 reviews in the main data set, the
out-of-sample data set contains 351 movies for a total of 4792 reviews. This out-of-sample dataset needs
to be representative. This is in theory ensured by the fact that it is constructed randomly. As additional
evidence, Table 2.7.1 shows that moments of several variables are similar between our main data set and

the out-of-sample data set.

B3Especially if the rule allocating an observation to a group is too coarse. For instance, if we take all observations in one group,
the average review in the main data is a pretty good estimator of the average review in the out-of-sample data.
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Table 2.7.1: Comparison of Moments between the Main Data Set and the Data Set Used for Out-of-
sample Predictions

Main  Out-of-sample

Avg. Budget (Ms$) 43.7 41.9
Director’s Avg. Number of Previous Movies ~ 6.50 6.95
Freq. of US productions 57.3% 57.0 %
Avg. Number of Reviews 13.65 13.65
Freq. of Good Reviews 49% 48%
Proportion of movies released in:

2003 2.1% 4.3%
2004 11.3% 12.0%
2004 12.5% 10.3%
2006 12.3% 12.3%
2007 11.6% 10.5%
2008 11.4% 11.7%
2009 10.7% 10.3%
2010 9.3% 10.8%
2011 10.3% 8.8%
2012 7.2% 7.4%
2013 1.4% 1.7%
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MODEL SPECIFICATIONS

Our main econometric model is model (II) from section 2.6. It includes the budget in the prior of the
movies and potential conflicts of interest which can arise when the movie’s production company and the
reviewer’s newspaper or show belong to the same production company. To carry out out-of-sample
predictions, we need to estimate this model again using our restricted data set. Estimates are reported in
Tables B.4.2 and B.4.3 of Appendix B.4 and are remarkably close to the ones using the full data set.

We compare this model to alternative theories. The first one, called model (III), assumes that reviewers
have a private ability and observe a private signal but are always truthful. Model (I1I) is therefore a model

excluding strategic biases. We estimate the parameters of this model by maximizing the following

likelihood:

n n

x| > log H(wj;ﬂ)H[i"(l — t,)“"} + (1 — u(w; B)) H|:(l — t,)’ftj‘”} st.t € E’l}

j i=1 i=1

The second one, called model (IV), assumes that reviewers observe a private signal which depends
solely on the publicly observable prior plus an i.i.d. noise, which is independent from their ability. In this
model, reviewers also reveal truthfully their signal since their pay-off does not depend on their reputation
for being well informed. Consequently, reviews follow the prior distribution, which we can estimate using
a simple logit approach.

Estimates for the two alternative models are reported in Tables B.4.2 and B.4.3 of Appendix B.4.

2.7.2 OuT-0F-SAMPLE F1T AND CLASSIFICATION POWER

Our first approach consists in computing the ex-ante distribution of good and bad reviews as predicted by
our model (II) for each observation in our out-of-sample data and grouping together the observations for
which our model predicts a similar distribution of reviews. We then compare the predicted probabilities
of good and bad reviews with the frequencies observed in each groups. Table 2.7.2 and Figure 2.7.1 show
that our model performs quite well according to this criterion. In Table 2.7.2, we group predicted
probabilities of good reviews by increments of 10%. For each group with a non-negligible amount of
observations except one, the differences between the predicted and observed probabilities of a good
review are less than 5%. The only exception arises in [0.5, 0.6], in which the difference is around 89%.

In Figure 2.7.1, out-of-sample observations are sorted horizontally according to their predicted
probabilities of good reviews. The red curve represents a non-parametric fit of the actual proportion of

good reviews. Groups here are defined by the kernel of the fit and the closer the red curve is to the
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Table 2.7.2: Predicted Probabilities of Good Reviews and their Observed Frequency in the Data

Avg. Predicted Observed

P(r/,]? 1) #  Probability of Freq. of
€ Obser. a Good Review Good Reviews
[0, 0.1] 0 — —
[0.1,0.2] 1 18.73% 0
[0.2,0.3] 88 26.37% 29.55%
[0.3,0.4] 678 35.80% 39.38%
[0.4,0.5] 1319 44.70% 47.38%
[0.5,0.6] 1194 55.27% 47.32%
[0.6,0 7] 1112 64.91% 66.19%
[0.7,0.8] 356 74.70% 76.97%
[0.8, o 9] 44 81.40% 77.27%
[0.9,1] 0 — —

45-degree line, the better our model is at predicting reviews.

We now compare confusion matrices for our model and for alternative models, namely (III) and (IV).
Elements of the matrix are the number of observations corresponding to the predicted and observed
outcomes. The overall classification ratio is similarly defined as the number of observations properly
predicted over the total number of observations. A high classification ratio is indicative of a high
predictive power. Figure 2.7.2 and Table 2.7.3 present the confusion matrices and classification ratios

averaged over 100 repetitions for the three models under study.

Table 2.7.3: Classification Ratios Averaged over 100 Repetitions for Models (I1), (IIl), and (1V)

a @ 1)

Overall Classification Ratio 0.531 0.515 0.519
Classification Ratio on Good Reviews 0.558 0.513 0.555§
Classification Ratio on Bad Reviews 0.501 0.518 0.479

Classification ratios are generally quite low. This is to be expected given that for a large part of our
observations, our models predict probabilities of good reviews around one half. For this type of movies,
the model misclassifies an observation one half of the time. This tool is therefore relevant only insofar as it

allows us to compare several models. Despite some issues with the classification of bad reviews, with an
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1.0

Observed Proportion of Good Reviews

| | | | | | |
0.2 0.3 0.4 0.5 0.6 0.7 0.8

Predicted Probability of a Good Review

Figure 2.7.1: Observed Proportion of Good Reviews given their Predicted Probability — The red
line displays the non-parametric fit of the observed proportion of good reviews. The shaded area rep-
resents the 95% confidence interval of this fit. The black plain line is the 45 degree line. The black
dotted line represents the 95% confidence interval for the predicted distribution.
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Predicted

o 1 o 1 o 1

0{1134.5 1130.5} 0{1174.2 1090.8} 0{1085 1180}

Observed
1117 1410 1231.8  1295.2 1124.1 1402.9

1 1 1

Model (1) Model (III) Model (IV)

Figure 2.7.2: Confusion Matrices Averaged over 100 Repetitions for Models (II), (1), and (IV) —
The first row and column of each matrix represent observed and predicted bad reviews. The second
row and column are similarly defined for good reviews.

overall classification ratio of 0.53, our model performs better than the alternative specifications. In
addition to the good fit of predicted probabilities of good reviews to observed ones, this is a good
indicator that models of expertise with reputational concerns and strategic biases best describe the

behavior of movie reviewers.

2.8 CONCLUSION

We estimate the strategic incentives of experts to send biased recommendations using movie reviews. In
our model, experts want to maximize their reputation as good predictors of the state of the world. Bias in
this case can take two forms: experts can disregard contradictory signals because they are noisy, and they
can send negative recommendations to discourage demand and hinder the update on their reputation.
Expert bias depends both on the prior on the state of the world and on the expert through her ability and
reputation.

To tackle these issues, and the fact that the state of the world, abilities, and private signals are not
observable, we introduce new identification and estimation strategies. The prior is identified by the fact
that signals, and therefore reviews, are correlated through the unobservable true quality. The experts’
abilities are identified by the fact that experts are unbiased on a subset of the priors. Outside this subset,
the difference between the actual distribution of the expert’s reviews and the one generated by a
truthtelling expert with the same ability gives us the bias. The estimation is a straightforward one-step
process, which allows us to recover the determinants of the prior, the relative impact of the reputation, any
bias caused by a conflict of interest, and the ability and biases of each expert in our sample.

We find strong variations in movie reviewers’ abilities and biases. The average negative and positive
biases in our sample are strong and significant, with information manipulation occurring on average 10%

of the time. Also, we find a small but significant impact of reputation validating models with endogenous
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realization of the state of the world at the expense of models in which it is revealed.
We devote to future research the introduction of heterogeneous abilities to recognize high quality and
low quality movies, the case of competitive review markets, the estimation of the precision of the

aggregate signal, and a fully structural estimation of the reputation.
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Abstract

We study the incentives for firms to engage in tacit collusion when consumer have switching costs. In
addition to the level of consumer’s switching costs and players’ patience, market characteristics, such as its
granularity or the consumers’ sophistication and lifespan greatly impact the implementability of implicit
contracts. With long-run consumers, collusion is harder to implement than with short-run ones, which
indicates that durable goods markets are more likely to harbour collusive behaviours. However, this result
does not hold when consumers cease to be sophisticated or when we switch to a continuum of
consumers. When the level of switching costs increases with the number of periods a consumer have

remained captive to a firm, collusion is harder to implement.
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3.1 INTRODUCTION

We develop a duopolistic model in which an homogeneous product is sold to a group of consumers over
an infinite number of periods. At the beginning of the game, consumers are captive to either firm and
endure a switching cost if they buy from the competitor. We obtain that the implementability of tacit

collusion depends on the type of consumers in the market. Figure 3.1.1 summarizes the results on the
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Figure 3.1.1: Implementability of full collusion given consumers’ sophistication and lifespan (2 con-
sumers) — Each plain line represents the lower boundary of the set over which full collusion is im-
plementable, for a given consumer specification. The blue line stands for forward-looking consumers,
the green line for short-sighted ones, and the red line for short-run ones (the dashed line represents an
alternative equilibrium when consumers are short-run).

implementability of tacit collusion when there are two representative consumers in the market. In
accordance to general wisdom, the discount factor positively affects the feasibility of tacit collusion. This
happens whenever consumers are short-run — they interact with the firm only once — and long-run but
short-sighted — they interact infinitely with the firm but are not able to anticipate the firms’ future
prices.! Conversely, a high discount factor makes it impossible to implement implicit contracts when
consumers are long-run and forward-looking — those interact infinitely and are able to anticipate firms’
future prices. In our model, competition is more severe with an asymmetric market structure and

sophisticated consumers are more prompt to break a collusive outcome.> Moreover, collusion is harder to

'A short-run consumer with switching cost is for instance a tourist with a transportation cost. Alternatively, short-run con-
sumers can be used here to model markets for durable goods.

*Therefore, the traditional correlation between indices of concentration (Herfindahl index) and industry profitability found
in most competition models does not necessarily apply in models where consumers have switching costs such as the one studied
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sustain as firm’s deviation prices incorporate rents that consumers obtain after switching, and these rents
are increasing with the weight consumers put on the future. Therefore, consumer sophistication hurts
firms as it hinders the sustainability of implicit contracts.

The case of sophisticated consumers introduces many challenges: consumers are strategic and can
coordinate to break collusion, but deviations of firms also depend on the consumers’ expectation about
their future utility when switching. Hence, in each period, after prices are posted, a coordination game is
played among consumers who must decide between switching or staying loyal. Because these games are
challenging to solve and usually display multiplicity of equilibria, most of the forward-looking part is
restricted to the case with a very concentrated market which is composed by two representative
consumers. Nevertheless, we find promising evidence that a large number of consumers facilitate tacit
collusion. Indeed, to attract all the market, the deviating firm has to compensate consumers for the
earnings they would have had by free-riding, i.e. let everyone switch but themselves. This decreases the
deviation price and makes collusion easier. The main results of the paper are represented in Figure 3.1.2
where we sort the different types of consumers and establish when a collusive outcome is more likely to

materialize.

Interaction

Sophistication Sophistication

High Cencentration Low Concentration

Figure 3.1.2: Sustainability of collusion with different type of consumers — Darker colors represents
that full collusion is harder to implement.

There exists large empirical evidence that consumers do not always respond to price cuts the way
predicted by classical models of Bertrand competition. Our paper contributes to the strand of the
literature which explains this phenomenon by assuming the existence of switching costs associated to a
change of supplier. Switching costs are the real or perceived costs incurred when changing supplier but
which are not incurred by remaining with the current supplier.®> Such costs are present in many sectors of

the economy. For instance, in the IT sector they arise due to the use of proprietary formats and the

here.
*The definition is provided by the Office of Fair Trade.
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resulting lack of compatibility across platforms, or the effort needed to learn how to use a new technology.
Examples abound also in other sectors such as telecommunications and banking, but we can generalize
the idea of switching costs as the savings generated by synergies resulting from a long-term relationship
between a supplier and a retailer.

Whichever their type, switching costs create frictions on consumers’ purchasing decisions due to the
extra cost associated to a change of suppliers. In the present paper, we investigate the effect of such
purchasing friction on the ability of firms to implement a tacit agreement. More precisely, on the effect
that switching costs have on the likelihood to establish collusive prices. Economic theory has already
established that the effect of switching costs on collusion is ambiguous. While switching costs reduce the
incentives to deviate from collusion, by limiting the consumers’ reactions to price cuts, it also reduces the
severity of punishment. In the present paper, we show that the domination of one effect over the other

depends crucially on the the type of consumers existing in the economy.

Local National long- Calls to the
calls distance calls United States

2000 2005 2010 2000 2005 2010 2000 2005 2010
EU-27 : 0.35 0.41 1.31 0.76 0.72 : 2.10 1.71
Belgium 0.4% 0.57 0.63 1.74 0.57 0.63 5.05 1.88 217
Bulgaria 0.08 0.18 0.18 1.41 0.68 0.50 11.2% 1.64 0.52
Czech Republic 0.55 0.54 0.85 1.66 1.30 0.85 ; 2.35 2.34
Denmark 0.41 0.37 0.13 0.54 0.37 0.13 472 2.38 272
Germany 0.43 0.39 0.29 1.24 0.49 0.29 245 1.23 0.29
Estonia 0.14 0.25 0.25 0.71 0.25 0.25 10.28 2.58 2.3
Ireland 0.51 0.49 0.58 0.94 0.82 0.52 2.52 1.80 1.96
Greece 0.3 0.31 0.32 1.40 0.74 0.76 3.26 283 3.03
Spain 0.228 0.28 0.30 1.85 0.34 0.57 425 1.53 1.66
France 0.42 0.33 0.35 1.19 0.83 0.77 2.87 2.27 1.96
Italy 0.25 0.22 0.22 1.72 1.15 1.15 279 212 212
Cyprus 0.08 0.21 0.128 0.61 0.21 0.18 3.73 0.65 0.65
Latvia 0.35 0.35 0.36 1.01 1.01 1.04 5.81 5.83 5.58
Lithuania 0.28 0.39 0.39 1.07 0.79 0.79% 11.96 4.08 412
Luxembourg 0.37 0.31 0.31 - - - 208 1.37 1.37
Hungary 0.34 0.41 0.45 1.22 1.07 1.12 424 283 2.40
Malta : 0.25 0.25 - - - : 1.76 1.50
Netherlands 0.30 0.33 0.50 0.42 0.49 0.80 0.78 0.85 1.82
Austria 0.89 0.49 0.54 2.30 0.59 0.54 432 1.80 2.20
Poland 0.36 0.36 0.51 1.49 1.30 1.02 10.72 3.79 1.24
Portugal 0.23 0.37 0.37 128 0.65 0.38 3.68 311 3.11
Romania 0.23 0.35 0.24 1.37 0.54 0.24 6.91 2,82 1.19
Slovenia 017 0.28 0.29 0.17 0.28 0.29 ; 1.40 1.40
Slovakia 0.40 0.75 0.75 1.83 1.54 1.15 11.18 3.79 0.75
Finland 0.22 0.24 0.34 0.87 0.54 1.01 5.68 480 4.20
Sweden 0.30 0.30 0.29 0.30 0.30 0.29 1.12 1.08 0.89
United Kingdom 0.47 0.38 0.77 0.85 0.36 0.77 2.83 1.67 219
Japan 0.41 0.35 0.33 3.07 1.43 1.37 6.14 6.14 5.86
United States 0.0% 0.08 0.08 0.43 1.02 0.67 - - -

{1} The indicator gives the price in guro of a 10-minute call at 11 am on a weekday (including VAT) for
rezpectively a local call (3 km}), a national call (200 km) and an internaticnal call to the United States; prices
refer to August for 2000 and 2005 and to September for 2010; normal tariffz without 2pecial rates are used.
Source: Eurestat (online data cede: isoc_tc_pre), Teligen

Figure 3.1.3: Retailing prices of different calling services in Europe.
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As an illustration, consider the retailing prices of different calling services in Europe. The first two
columns in Figure 3.1.3 show the prices of local and long-distance domestic calls for different years and
different European countries. We observe two general price patterns for both services. For local calls,
prices look homogeneous among countries and are rather low. For long distance calls however, we see
that for some countries such as Germany, Sweden and Portugal, prices have severely decreased in the last
decade to alevel similar to local calls. In countries like Spain, France, Italy and Finland however, prices for
long-distance calls are still substantially higher than local calls. Moreover, this pattern does not apply
when we consider calls in the direction of the United States represented in the last column, where a
substantial price reduction has occurred in almost all countries.

Our paper explains these differences by switching costs and potential tacit collusion. In general, the
local call service is characterized by heavy usage while the one for long distance is of milder use. In our
model we approximate usage with the level of interaction between consumers and firms, and we show that
implementability of collusion is affected by the degree of interaction. High prices are therefore not
surprising in the market for long-distance calls as these markets are the more susceptible to sustain
collusion. We also consider the degree of demand concentration as a possible explanation for the
implementability of implicit contracts.*

Due to the link between buyer’s structure and the likelihood to sustain a collusive outcome, our paper
has clear policy implications. A competition authority should take into account the type of consumers in
the industry to examine the possibility of firms to implement implicit contracts. In general, we find that
collusion is harder to sustain when consumers are more sophisticated. As a result, the aim of an antitrust
authority should be to dedicate resources on educating consumers. In other words, consumers should be
aware of how their current purchasing decisions affect future prices.

The rest of the paper is organized as follows. After briefly discussing the existing literature, section 3.3
presents the model. Section 3.4 deals with two forward-looking consumers, while section 3.5 treats the
case of a continuum of consumers. Later, in section 3.6 we treat alternative specifications for the
consumers, namely their sophistication, lifespan, and the possibility of increasing switching costs. Finally,

we examine the case of increasing loyalty in section 3.7.

3.2 RELATED LITERATURE

Following much of the literature on switching costs, we consider that only short term contracts are

available and we do not allow firms to price discriminate between consumers. As a result, at each period,

*Unfortunately, our model will not explain market structure as it only tries to predict market prices with respect to the type
of consumers in the market. Indeed, for most of the cases a price lower than full collusion appears whenever the market structure
is asymmetric and one of the firms captures the whole market.
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each firm faces the trade-off between setting a low price to attract the consumers of the rival or a high
price to extract rents from the captive consumer.® This trade-off is present in many two-period models of
switching costs such as Farrell [21], Klemperer [31], Klemperer [30], Klemperer [29], and Padilla [43].
A two-period setting however is inadequate to study the firms’ incentives to tacitly collude. In this regard
our model is closer to models with an infinite number of periods like Farrell and Shapiro [20], Beggs and
Klemperer [ 5], Rosenthal [47], Rosenthal [48], Padilla [44], and Anderson et al. [2].® The vast majority
of those papers study the implications that switching costs have on competition and center attention on
the steady state equilibrium price and market shares. The last two works study the likelihood of
implementing collusive prices by firms when consumers have switching costs. However, our analysis
differs from theirs in the following aspects: i) our work considers both short-run and long-run consumers;
ii) instead of working with an overlapping-generation model, our long-run consumers live infinitely; and
iii) we draw implications regarding the level of sophistication of our long-run consumers.” Therefore, our
analysis is centred on the type of consumers existing in the industry and more specifically on the live-span
and the level of sophistication of those consumers. We also consider how the concentration of consumers
in the industry affects the implementability of collusion and how our results change if we allow the
switching costs of consumers to increase with captivity, i.e. to become increasingly loyal.

Assuming infinite interactions between firms and consumers allow us to examine a rich set of
consumer strategies. In our model, consumers decisions have a large impact on the likelihood of
collusion. By considering that all players in our game are strategic and forward-looking, our work relates
to the analysis of Biglaiser and Crémer [ 7] and Biglaiser et al. [8]. However, those papers investigate
different issues than ours. The first is the application of the Folk theorem when consumers have switching
costs, and the second studies the effects that heterogeneous switching costs have on competition. None of
this two previous works study the case of sustainability of a collusive outcome. Finally, our analysis of
consumers as short-run players also relates our paper to the existing literature on mixed pricing in
oligopoly, as in Shilony [49] and Narasimhan [39]. A mixed strategy equilibrium appears due to the fact
that the profit function of firms fail to be continuous. We applied Shilony’s methodology to recover our
results but we obtained an additional equilibrium in mixed strategies if indifferent consumers choose to
switch. Hence, we obtain multiplicity of equilibria on some range of switching costs by not assuming any

specific tie-breaking rule for consumers.

SA recent study, Cabral [10], gives an analysis of the case in which firms can price discriminate between captive and non-
captive consumers. Similar examples are found in Caminal and Matutes [12], Eber [17] and Nilssen [40].

®Other dynamic models with switching costs are Fabra and Garcia [ 19], Lewis and Yildirim [33], To [ 53], Rhodes [46], and
Villas-Boas [54].

"The previous papers have not been able to deal with the case when consumers are forward-looking. Anderson et al. [2]
highlights a mistake in Padilla [44] studying this case.

63



3.3 MODEL

Two firms A and B produce a non durable homogeneous good at zero cost. On the demand side, two
consumers j = 1, 2 wish to buy a single unit of the good at each period and obtain a gross utility of 1. Later
in section (3.5) we consider the case of a continuum of consumers. Consumers are captive with degree

S € [o,1] to firm A or B. The degree of captivity in our model is exogenous and common to each
consumer. It represents the magnitude of switching costs. If a consumer captive to one firm buys from the
other she incurs an extra cost of S. We denote by C; the identity of the firm to which consumer j is captive
at date t and we assume that at the beginning of the game, firms equally share the market. The state of the
world £ represents the number of consumers captive to firm i at the beginning of period .

In our model, firms interact for an infinite number of periods and each period is composed of two
stages. In stage 1, there is a Bertrand-type competition where firms set their price simultaneously and non
cooperatively p; € IR fori = A, B. In stage 2, consumers make their purchasing decisions d; = {A,B, 0},
where the empty set ensures that purchasing is voluntary. Finally, our game is one of complete information

since firms and consumers are able to observe the full history of prices and purchasing decisions.

CONSUMERS’ BEHAVIOUR :  Consumer behaviour depends on the type of consumers in the economy.
The first aspect concerns their lifespan or level of interaction with the firms. Here, we consider two
extreme cases, consumers are either short-run or long-run depending on whether they can purchase only
once or infinitely. We further differentiate consumers by their sophistication. Consumers can be either
short-sighed or forward-looking. When consumers are short-sighted, they maximize current utility and
buy from the firm offering the lowest price once discounted for switching costs. When consumers are
forward-looking, they anticipate that their purchasing decisions affect future equilibrium prices.
Accordingly, they behave strategically and take current purchasing decisions anticipating future prices and
switching costs.

Moreover, the analytical difference between short-run and long-run consumers lies on the way
captivity changes over periods. With short-run consumers, captivity remains unchanged regardless of
past actions: old consumers leave the market at the end of each period and are replaced by new ones in
the next period. With long-run consumers, the captivity of a consumer changes according to her previous
purchasing decision: C; = d;~". If a consumer does not effectuate any purchase at time £, i.e, d; = (), then
her captivity remains unchanged C; = C;". Table 3.3.1 summarizes the type of consumers considered

and its strategic effect in the model.
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Table 3.3.1: Type of consumers

Live-span  Sophistication Decision Captivity
Short-run - Current utility Fixed
Long-run  Short-sighted Current utility Variant

Long-run Forward-looking Discounted utility ~ Variant

FIrRMS’ BEHAVIOR : At each period, firms compete simultaneously and non cooperatively in prices. We
assume that firms do not observe the identity of consumers who are captive, and so price discrimination is
not feasible.* We also consider that firms are not capacity constrained and for any market price, they
always fulfil demand. Therefore, at the beginning of each period, firms simultaneously post prices to

maximize their discounted expected profit:
o0
I, = Z §al(p',d), i=A,B, (3.3.1)
t=1

where p' is the firms’ action profile, d* the consumers’ choice at time ¢ and § the discount factor.

SIMPLE STRATEGY PROFILES :  To obtain the equilibrium sequence of prices of the game, we restrict
attention to simple strategy profiles. In our game, a simple strategy profile consists of an initial prescribed
outcome p(c) and a punishment outcome p(i, ;) for each firm i = A, B and each state of the world

£ = 0,1,2, where p is an outcome path (p', p*, ...) that consist of a vector of two prices for each period.

We focus on symmetric stationary equilibria, hence:
« p(A, §) = p(B, &) for all £ and we can omit the firm index.
« Iffirmiisin state £, firm —iis necessarily in state §_, = 2 — £, hence plays p(2 — §,).
« Inany path p(£), the firm indefinitely posts a price p(£).

As a result, a simple strategy profile in our duopolistic game is fully characterized by (p(c), p(£)¢=o,...)-
The game starts with the initial path p(c) and players continue with this path until a deviation takes place,
where a deviation might come from either firms or consumers. We define the initial path as the collusive

one. If a deviation by any firm i has occurred resulting in the state of the world £, the game switches to the

®This assumption might seem quite restrictive because nowadays firms can keep track of the consumers that have previ-
ously purchased. Indeed, some literature studies behaviour price discrimination where firms set different prices to captive and
prospective consumers. Some justification of the impossibility to price discriminate might be a regulation banning such a prac-
tice, or firms not retailing directly the product, e.g. google android vs. iphone.
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path in which firm i plays p(£) and firm —i plays p(2 — &) forever. Therefore restrict attention to collusive
agreements supported by grim-trigger strategies. We have that:

Definition s. Full collusion is implemented at equilibrium by a simple punishment path p if p(c) = 1and

p(g)g:%2 constitute a stationary equilibrium.

By stationary equilibrium, we mean that in each possible state of the world, either in the collusive path
orif firm i plays p(i, §;) and firm —i plays p(—i, 2 — £;), then no firm has any incentive to deviate, but also
no consumer wants to switch. Therefore, our equilibrium concept is stationary sub-game perfect

equilibrium (SSPE). Finally, we consider:
Assumption 4. (Tie-breaking rule): Any firm deviates from a stationary path if it gets strictly higher profits.

We do not assume any specific tie-breaking rule coming from the consumer. Indeed, for short-run
consumers, we find different equilibria depending on whether a consumer decides to switch or not when

she is indifferent.

3.4 LONG-RUN CONSUMERS

With long-run consumers, captivity changes and it is equal to the firm from which a consumer has last
purchased, ie. C; = d;'ifd; "' = A, B.” The discounted utility that consumer j obtains by purchasing

from any firm i at time ¢ is:
U() = D87 1= pi—a(d # €|
t=1

and consumers pay switching costs as long as their purchasing decision is different from the one made in
the last period. As we want to characterize when a full collusive outcome can be implemented, in what
follows, we obtain the punishment path p(£) coming from any deviation that moves the game to any state

£ = o, 2. We consider the case where the punishment path p(§ = 1) is also full collusion."

3.4.1 THEINCUMBENCY GAME

Here, we study the equilibrium of the continuation game when one of the firms sold to both consumers in
the last period. This situation may arise either because one of the firms have deviated from the collusive
outcome and attracted the consumer of the rival, or one of the consumers has switched without any

deviation by a firm. Therefore, we want to characterize the path p(£) for £ = o, 2.

9Ifdf1 = (), we find the largest 7 with d] # oand Cj = d.
1%Whether other equilibria exist with a price lower than p(§ = 1) is a question that we leave for further research.
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The sub-game when one of the firms has both consumers is similar to a market structure with an
incumbent and a potential entrant, in the sense that if any consumer decides to buy the product offered by
the entrant, he has to incur a switching cost. Let us call I the firm with two captive consumers, and E the
firm with none. Therefore, the decision sub-game played by the consumers captive to I and facing prices

(p', p¥) is represented in the Table 3.4.1. Each cell contains the present discounted payoffs originating

Table 3.4.1: Payoffs of the Incumbency game

St Sw

I

St (__5711__5) (l_plvl_PE_S)
Sw| (1—pF—8S,1—p") (1—pE—S+511__’:;,1—pE—S+811__’§

-

—

)

from each action. Sw and St stand for switching and not switching."*
The following lemma states the price set by the incumbent. The equilibrium prices depend on the type

of coordination game played by consumers and their beliefs about the action of the other buyer.'>

Lemma 1. Restricting attention to our simple strategy profile, any incumbent price lies in the interval

o e [max{o,S— § }78%—8(1—8)}.

1— 6 1+

There is a continuum of prices that the incumbent may set. This multiplicity comes from the
coordination game played by consumers and depends on whether consumers coordinate their actions and
on their beliefs about the actions of the other consumer. We detail the proof of Lemma 1 in Appendix C.1.

Consumers coordinating on the Pareto dominant equilibrium seems a reasonable assumption. For
instance, advertising by the entrant could provide a focal point to consumers and entice them both to
switch. Failure to coordinate however is very hurtful to consumers and one can argue that consumers
switch only if doing so is an equilibrium in dominant strategies. If so, the equilibrium incumbent and
entrant prices change. To attract consumers, the entrant needs to post a lower price and the incumbent is
able to set a higher price to keep her consumers. There also exists an equilibrium in which both

consumers switch and this gives them an utility lower than if they coordinate on sticking.

Since we focus on fully collusive equilibria and because we impose no particular punishment when § = 1, we have p(c) =
p(1) = 1. Note that if both consumers switch to the entrant, they anticipate that in the continuation game they will pay the price
of the incumbent p'.

>We find different equilibrium prices than in Biglaiser and Crémer [7]. In particular, we focus on an equilibrium in which
the potential entrant is able to set negative prices. Equilibria in Biglaiser and Crémer [7] rely on more complex punishment
structures than the one in our model.
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3.4.2 CoOLLUSIVE EQUILIBRIUM

We now consider the collusive path and characterize the conditions under which full collusion is

implementable. To maintain full collusion, the following incentive constraints need to be satisfied:

« No firm wants to deviate from collusion.

1i822<f)+8%>, (ICy)

where p is the optimal deviation price.

« No consumer wants to unilaterally deviate from the collusive path.
Ui(p(d) 21-p(e) =S+ 8xU(p(2)),  (IC)
« A firm deviating from the collusive path charges the highest possible price p which attracts the
consumer of the competitor (IC, ).
« After any deviation, one of the incumbency game equilibria characterized in Lemma 1 is played.

Note that (IC,) tells us that by setting a deviation price p?, the consumer of the other firm must be enticed
to switch to the deviating firm:
1—p(2
1—pd—S+8¢20, (1C,)
1— 0
where p corresponds to the deviation price such that (IC,) binds. It is easy to check that the consumer of
the deviating firm does not want to switch. Substituting p in (IC;) gives us a necessary condition for

collusion and ensures that no firm unilaterally deviates from the collusive outcome:

1 1—p(2) p(2) 1 o
> - S+ + Si<1—— = .
s> (1 S+6 s 81 5 §<1 S 5(S)

Note that the incumbency price p(2) does not have any effect on this condition. Therefore, the price paid
in the punishment phase does not affect the firms’ incentives to sustain a collusive outcome. Because
consumers are forward-looking, they accept to switch if the deviating firm reimburses the switching cost
minus what they save by buying from an incumbent forever. The deviation price then takes into account
future rents enjoyed by consumers and depends on the equilibrium played in the incumbency game. As a

result, the incumbency price disappears from the firms’ incentive compatibility.
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Since forward-looking consumers behave strategically, it is left to verify that no consumer wants to
deviate from full collusion. The incentive constraint of consumers (IC,) is harder to fulfil when the
incumbency price decreases. Hence, non deviation of consumers from collusion occurs whenever the
incumbency prices is the lowest possible. Using the range of possible prices given by Lemma 1, we get:

5
—p2) (S— %) 8

1 1—
>-S+§d—"8S>5f————— &8> .
0= + 1— 38 - 1— 3§ —1—94

It suffices to check if this condition is compatible with a value of § ensuring that no firm deviates, which is
always the case as long as § < 1/2. Therefore, the above necessary condition to sustain a full collusive
outcome is also sufficient. Since for this range of the parameters, no firms or consumers deviate from full
collusion, the punishment path p(1) constitutes also a stationary equilibrium. With all these results, we

get the following proposition.

Proposition 8. When consumers are forward-looking, full collusion is sustainable if and only if

§ < max {o, 1— i} and it is independent of the punishment path played after a deviation occurs.

Figure 3.4.1 displays the set of parameters sustaining full collusion:

Crr {(S,S) | SSmaX{Oyl_ %}}

We see that full collusion is only sustainable for large value of switching costs together with a low
discount factor: the more players value future outcomes, the larger is the deviation price and the bigger
the rents from deviating. The opposite occurs whenever the discount factor is small and switching costs

are large.

Remark 1. The equilibrium played in the incumbency game is only used to verify that consumers do not have
incentives to break the collusive outcome and the likelihood to maintain collusion is neutral on the equilibrium
price arising after deviation. This result comes from our assumption of identical discount factor for firms and

consumers.

We now consider a general case in which the discount factors of firms and consumers do not coincide.
We see that both discount factors have opposing effects on sustaining a collusive outcome and the
equilibrium played in the incumbency game influences the sustainability of collusion.

HETEROGENEOUS Di1SCOUNT FACTOR

Again, in order to implement a collusive outcome, we need to verify that no firm or customer wants to

unilaterally deviate from collusion. However, now the discount factor of firms and consumers may differ
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Figure 3.4.1: Full collusion in the case of two forward-looking consumers — Cgg is filled in blue.

8¢ # 8. The price in the incumbency game coincide with the one presented in Lemma 1 as this is
independent on the weight that consumers put on the future.'® By solving (IC, ) as in the previous section,

we obtain that the maximum deviation price such that the consumer of the rival is attracted equals:

p=1—S8+38, x (ﬂ)y
l_Sco

Introducing this into the incentive constrain of firms, we get the necessary condition to implement a

collusive outcome:

s, gl —|—p(2)><< % = % ) (ICy)
2(1— &) 1— 8, (1—8)(1—38,)
With different discount factors, the equilibrium played in the incumbency game has an effect on the
necessary condition to implement collusion and its intensity and sign is measured by the term
= %. If the consumers discount factor is higher than the firms discount factor, a larger
incumbency price makes collusion harder to sustain. The opposite happens when firms have a greater
valuation for the future than consumers. The intuition comes from the analysis of the optimal deviation

price. As long as consumers have a larger valuation for the future, firms are able to set a large deviation

price. However, the magnitude of this price decreases with the equilibrium incumbency price posted after

B3The price in the incumbency game depends only on the discount factor of firms p(2) € {ma.x {o, S — lf—fsf } , W} .
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deviation. The rents firms can get at the moment of deviation are low whenever the incumbency prices
are large. However, when the valuation for the future is larger for firms than for consumers, a large
incumbency price has a low effect on the deviation price and an important effect on the continuation
payoffs after deviation. Collusion is harder to sustain with an increase of the incumbency price.

The firms’ incentive constraint needs to be completed by the fact that no consumers wants to deviate

SZSCUX (ﬂ)
1— 08,

To obtain a solution of the game, we consider that the equilibrium of the incumbency game is the one

from the collusive path.

arising from perfect coordination between consumers p(2) = (1 — §7)S."* Hence, the optimal deviation
o —(1—8:,8))$ . . . .
price is p (Sw, 8, S) = %. Solving for the incentives constraint of firms and consumers, full

collusion constitutes an equilibrium if the following two conditions are fulfilled:

—1+285+y/1—2(1—38,)S
5> — 5,5,
f= 2S _f( )

= 8.,(85,S).

and 6§, <

1+ 848

In Figure 3.4.2, we draw the region of parameters sustaining a full collusive outcome. When the discount
factor of consumers increases, the collusive region is reduced since the deviation price is larger. Because
consumers obtain rents from switching, the deviation prices cashes in this effect. We remark that the
region where full collusion is sustainable is not monotone for a positive discount factors of consumers.
This non-monotonicity is due to the sign of the term D. We then obtain that, for a given discount factor of
consumers, the region of full collusion is decreasing with §;when §., > §;and increasing with §; when

8., < 81 Moreover, we see that this pattern is reversed again forao < S0 < 8. In this case the incentive
constraint of consumers is binding and for some values of switching costs, consumers decide to break the

collusive outcome.

“Notice that there exist as many equilibria in the collusive game as in the incumbency game — i.e. a continuum — since the
incentive condition of firms depends on the equilibrium price of the incumbency game.
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Figure 3.4.2: Full collusion with two forward-looking consumers and different discount factors for
firms and consumers — The blue area represents the region where full collusion is sustained for a
given value of consumer’s discount.

3.5 CONTINUUM OF CONSUMERS

We now generalize the model to a continuum of consumers and look for conditions supporting a full
collusive equilibrium. We find that whenever consumers are forward-looking, collusion is much easier to
sustain in the case of a continuum of consumers than when there are two consumers in the market.
Because consumers do not have mass, their individual purchasing decisions do not have any effect on
equilibrium prices and they can free-ride on the decisions of their peers. In order to ensure switching, a
deviating firm has to pay the consumer for this possible gains and this reduces drastically the profits from

deviation.

3.5.1 DESCRIPTION OF THE GAME

The structure and timing is the same as in the case of two consumers but now there is a continuum of
consumers of mass 2 in the market. As before, each firm is endowed with half of the market and we focus
on stationary symmetric equilibria. Our simple strategy profile is summarized by an initial collusive
outcome p(c) and a punishment outcome p(7) : 7 € [0, 2] — [—00, 1. The state of the world is now a
continuous variable 7 which represents the mass of consumers detained by a firm at the beginning of the
period.

As before, we restrict attention to grim-trigger strategies and each firm initially posts a collusive price
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p(c). In the case of a deviation resulting in firm i serving a mass 7 of consumers, the firms move to the
stationary punishment phase in which firm i indefinitely posts p(1) and firm —i posts p(2 — 7). The

following assumption is necessary for the resolution of the model.
Assumption 5. (Continuity): p(-) is continuous over [0, 2.

We justify this assumption by the fact that firms cannot monitor infinitesimal deviations from
consumers. Therefore their price functions must be continuous. This also comes from the fact that
consumers do not have “strategic mass” in the sense that their individual purchasing decisions do not have
any effect on the equilibrium prices. We finish the presentation of the model with a conjecture and a

definition.

Conjecture 1. (Restriction over the strategy sets): When deviating, a firm aims at making all consumers

switch.

Definition 6. Full collusion is implemented in equilibrium by a simple punishment path p if p(c) = 1 and
p(n) : n € [0,2] = [—00, 1] constitute a stationary equilibrium.

With a purpose of tractability, we look at equilibria in which p(c) = p(1) = 1, i.e. if the game moves
back to a situation in which firms equally share the market, full collusion takes place.'* We proceed as in
the case of two representative consumers: first we obtain the equilibrium of the incumbency game and
then we examine when full collusion can be implemented. In this specification of the model, we consider

that the discount factors of the firms and of the consumers are the same.

3.5.2 THEINCUMBENCY GAME

Let p*! denote the deviation price by the entrant such that consumers switch. p* is such that, for every
consumer, the profits obtained from switching to the entrant are higher than the ones from staying with
the incumbent. When there is a continuum of consumers, individual purchasing decisions do not have
any effect on the market equilibrium price. As a result, as we assume that all consumers must switch, the
incentive compatibility constraint for a single consumer is :
1—p(2 1—p(o
1—pEI—S+5—p( ) 21—p(2)+5—p( ), (IC) (3.5.1)
1— 9§ 1—§
where the right-hand side represents what a consumer gets by sticking to the incumbent provided that all

the other consumers have switched. We call the last term the free-riding payoft. This is what a consumer

!5This is in full contradiction with Fabraand Garcia [19]. In the second Lemma of their paper, they show that the market price
decreases with market symmetry. We, however, look at the likelihood to implement implicit contracts. Hence a more symmetric
market implies a larger probability to maintain a collusive outcome.
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1-8
entrant chooses the highest deviation price p™ such that the previous expression is binding and ensures

obtains from not switching given that all other consumers have switched UR =§ x <ﬂ> 16 The

that all consumers switch.

By substituting the previous expression to the constraint on negative profits for the deviating entrant, we

obtain the upper-bound on the incumbency price p(2):

P+ ) S0 e p(a) <5 —plo) (5:52)

1—96
Finally, as an equilibrium in our game is such that no consumer switches from any path, the constraint on

no unilateral deviation from consumers needs to be satisfied and this gives another upper bound for p(2)

1—p(2)

1—p(o)
8—
1— 9§

21—p(o)—S+
1— 8§

< p(2) <plo) +S(—98).  (ICF)

Condition (3.5.2) is the incentive constraint saying that the entrant and incumbent have no profitable
deviation. Condition (IC.°) represents the incentive constraint saying that no consumer unilaterally
deviates. This represents an extra constraint with a continuum of consumers since it is always slack with
two representative consumers. With a continuum of consumers, the incumbency price is determined by
the lower-envelope of the two previous conditions. Moreover, both conditions, need to be binding.
Consider a situation where constraint (IC°) is not binding, then there is an upward profitable deviation
for the incumbent. Suppose both firms post prices such that (3.5.2) holds with equality, then p(2) is not a
best-response to p(o). By raising p(2), the incumbent does not lose any consumers since (IC5°) is not
binding. Condition (3.5.2) merely states that stable prices in the incumbency game are impervious to
deviation by the entrant. We therefore need (3.5.2) to hold, but we also need (IC°) to hold with equality.

All this leads to the following lemma whose proof is direct:

Lemma 2. The pair of prices (p(o), p(2)) such that:

p(2) =

S6-8)1p) i plo) <39S
S — 2p(0) if plo) € (8, 25| x (1—198)S

2—§

constitutes a stationary equilibrium of the incumbency game.

Compared to the case of two representative consumers, the only relevant constraint refers to the

!Notice also that if this condition is satisfied, then coordinating on switching yields higher utility than coordinating on stick-
ing. In the duopsony case, a consumer obtains zero profits if he does not switch.
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behaviour of the entrant and the form of the optimal deviation price completely determines the
maximum incumbent price. Now, the optimal deviation price is a function of both the incumbent and the
entrant prices. Moreover, considering our continuity assumption, taking p(o) < o would violate the
participation constraint of the entrant. Indeed, by continuity, there exists a mass 7 > o of consumers such
that p(17) < o and the firm would make negative profits. Hence, to avoid this, the lowest value that p(o)

can take is zero, and the incumbent price in this case is p(2) = (1 — §)S.

Remark 2. Our result relies heavily on the assumption that the entrant tries to attract all consumers or none.
However, it is hard to think about possible deviations that attract only part of the market because a tremendous
coordination on the side of consumers might be required. Also, the continuity assumption plays an important role
here since it helps us to easily model what happens in case of an unilateral deviation. In contrast, intermediate
models with N consumers are harder to solve as we need to explicitly specify the pricing strategies in all states of

the world.

3.5.3 CoLLUSIVE EQUILIBRIUM

Suppose that a firm wants to break the collusive outcome. To do so, the deviating firm posts the highest
price to make all consumers switch. Therefore condition (IC2°) needs to be fulfilled:
a 1= p(2) 1= p(0)
—p'=S+6—F2>1— §——.
1—p + et p(c) + -

Hence, the optimal deviation price is the one making the previous expression binding and is given by
p™ =1—8— —(p(2) — p(0)). Firms do not deviate from full collusion if:

11 ) 5 1

Ll a5 L (pla) — plo)) + —gple) = L o5t (). (IGY)

As in the duopsony model, the firms incentive to sustain full collusion does not depends on the
equilibrium price p(2) played on the incumbency game. This price is incorporated in the optimal
deviation price. Moreover, it is easy to check that unilateral switching from consumers is never profitable,
i.e. in the coordination sub-game, sticking to the collusive path is always an equilibrium for consumers."”
The constraint (IC,) is therefore always fulfilled. Moreover, the condition for full collusion only depends
on the primitives and p(0). The higher p(0), the harder it is to sustain collusion because the optimal
deviating price increases with p(0). Hence, without further restrictions, any price p(o) supporting an

incumbency game equilibrium defines a set of parameters under which full collusion is implementable. It

!7This is given by the continuity assumption on prices. A consumer that unilaterally deviates pays the same collusive price
plus the cost of switching.
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is now natural to consider the worst punishment phase, i.e. the punishment phase under which p(o) is
minimal. Using the results of Lemma 2, we choose p(0) = o. The region where a full collusive outcome is

implemented is introduced in the following proposition.

Proposition 9. With a continuum of consumers, the largest set under which collusion is implementable is given

by Coo = {(S,S) | § > max{ﬁ,o}}.

S

2

Figure 3.5.1: Full collusion in the case of a continuum of consumers — Cq is filled in orange.

Figure 3.5.1 depicts the region sustaining full collusion in this case. Clearly, the area where full collusion
under a continuum of consumers is sustained is wider than in the case with two representative consumers.
With a continuum of consumers both switching costs and the discount factors positively affect the
implementability of implicit contracts. This is because now full collusion depends on the entrant price,
which determines the free-rider profit. In the two consumers case, free-riding is equivalent to status quo
and brings nothing to consumers. Here, free-riding implies playing the low entrant price, and getting large
rents. To prevent this, the deviating firm must subsidize the consumers by the amount of this surplus,
which makes collusion easier. Additionally, because with a continuum of consumers, each individual
consumer does not have any strategic mass, the constraint representing unilateral deviations is always

slack. In the following subsection, we consider that consumers might act cooperatively and coordinate.
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COLLUSION WITH COORDINATING CONSUMERS

In the previous analysis, we did not consider the possibility for consumers to coordinate on the Pareto
dominant equilibrium. One of the reasons we obtained a large region with possible collusion is because
we did not consider the possibility that consumers may act cooperatively to break the collusive outcome.
This might be feasible in situations where consumer associations or even deviating firms provide focal
points on equilibria.

Compared to the previous analysis, we have to add an additional constraint coming from coordinating
consumers which is similar to the one introduced in section 3.4.2 where we consider only two consumers.

Coordinating consumers decide not to break full collusion if:

0> —S+8x (%)

Notice that due to the relation between the entrant and incumbent prices shown in Lemma 2, setting the
punishment path p(o) = o might not be the best course of action as it gives the consumers a great
incentive to coordinate on breaking the collusive outcome. Indeed, in this case, the incumbency price is
low. By raising p(0), we relax the consumers’ incentive constraint and can get a larger collusive region.
Lemma 2 gives us the maximal p(2) which can be implemented in equilibrium. This price is equal to

p(2) = (1 — &)S. Figure 3.5.2 represents the collusive regions when the punishment path is set at the two
extreme values of p(2). We see that neither one nor the other solutions unambiguously increase the
implementability of collusion. Notice however, that both solutions allow to implement collusion on a
broader set of parameters than in the case of two representative consumers as the deviation price with a

continuum of consumers is always smaller.
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Figure 3.5.2: Full collusion in the case of a continuum of consumers when they coordinate on the
Pareto dominant equilibrium — There is an additional constraint stemming from the ability to coor-
dinate. The resulting collusive set is filled in orange. When p(o)’ = §(1 — §)S, the higher incumbent
price relax this constraint a little but gives more bite to the firms' constraint. The lower boundary of
the collusive set is represented by the purple curve.

3.6  VARIATIONS IN CONSUMERS’ SOPHISTICATION AND LIFESPAN

3.6.1 SHORT-SIGHTED CONSUMERS

When consumers are short-sighted, they do not anticipate that current purchasing decisions will have an
effect on future equilibrium prices. Hence, they base their purchasing decisions on maximizing current
utility. Because consumers do not behave strategically, we do not have to consider their beliefs on the
decisions of the other consumers. Hence, the unique equilibrium in the incumbency game is identical to
the one with full coordination p(2) = (1 — §) S.

The conditions to sustain a collusive outcome are relaxed compared to the case where consumers are
long-run players. Because consumers do not behave strategically, we can rule out actions to break full
collusion. Moreover, as consumers do not consider future rents, firms do not include the rents in the

deviation price, which is now equal to p = 1 — S. In other words, the condition (IC, ) is harder to fulfil. As
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a result, full collusion is an equilibrium if and only if no firms wants to unilaterally break collusion."®

—1+4+ /1 — 285+ 28
28

= 8(5),

1—18 22{(1—5)—#5&2)8} — 8>
The case of short-sighted consumers is equivalent to the case with forward-looking consumers who do
not put any weight to the future §,, = o. We denote by Cg; the set of parameters (§, S) sustaining
collusion. This region is represented in Figure 3.4.2 when §,, = o.

With short-sighted consumers, the feasibility of collusion does not depend on the number of
consumers: if a firm attracts one consumer, it must attract all the others as well. Thus, our result easily

extends to an arbitrary number of consumers (or a continuum). We obtain the following corollary.

Corollary 2. In a duopsony, collusion is easier to sustain if consumers are short-sighted. The opposite holds for a

continuum of consumers if these do not coordinate on the Pareto dominant outcome.

3.6.2 SHORT-RUN CONSUMERS

We proceed by studying how the feasibility of collusion change with the level of consumers’ interactions
with the firms. We examine the simplest case when consumers interact with firms only once. Here
consumers die after purchase and at each period a new generation of consumers arrive and firms equally
share the market. As in the case of short-sighted consumers, short-run consumers shop at the firm
yielding the highest current utility, but their captivity does not depend on the past purchasing decisions,

i.e. whatever happened previously, firms equally share the market at the beginning of each period.

PUNISHMENT PATH

Because the captivity for short-run consumers is fixed, our game is an infinite repetition of the same stage
game. As a result, the only possible state of the world at the beginning of each periodis § = 1. As
consumers live for only one period, the punishment path coincides with the static Nash equilibrium

p(§ = 1) = p(N). Moreover, the discontinuity of the payoff function leads to the non-existence of a pure
strategy equilibrium in prices whenever the level of switching costs is sufficiently low, i.e. whenever
deviating from the collusive price is profitable. (See Dasgupta and Maskin [ 14] and Shilony [49].) This

happens when the magnitude of switching costs is lower than one half the reservation price of consumers.

'8In a companion note, we consider the case in which the firm does not attract the consumer of the rival in the moment of
deviation. We show that the continuation game is one characterized with mixed strategies. We prove that such a strategy is
never optimal. For low switching costs, any firm obtains strictly higher profits by attracting the consumer of the rival. For high
switching costs the collusive outcome gives higher profits than any deviation.
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Restricting attention to a symmetric equilibrium, the expected profit of a firm is:
E [z(p)] = p X [F(min(p + S,1)) — F(max(o,p — S))] + 2p x [ — F(min(p + S,1))],

where F;(p) is the cumulative distribution function of the competing firm. The first part of the expected
profit represents the case where the difference in prices is below the level of switching costs and no
consumer switches. The second part of the expected profit represents the case where the difference in
prices is above the level of switching costs and consumers switch. Hence, in equilibrium the expected

profit is:

‘p?/ =2 — [F(min(p + S,1)) + F(max(o,p — 3))]. (3.6.1)

Solving the previous expression in p and using the methodology proposed in Shilony [49], we introduce

the following Lemma.

Lemma 3. The Nash reversion equilibrium is characterized by:

i) For S € (o, ﬁ} , the per period expected profitis V.= (1 + +/2) S and consumers switch with positive
probability.

ii) For S € <ﬁﬁ’ i) , two Nash equilibria (o, o™") exist depending on whether indifferent consumers switch
or not. In both equilibria, consumers switch with positive probability and the per period expected profits are:

(0') V =1— Sinan equilibrium when indifferent consumers switch.

(1) V= S+4/S(4+9)

in an equilibrium when indifferent consumers do not switch.
iii) For S > 1, the per period profitis V = 1 and no consumer switches.

Proof. This is a particular case of Shilony [49] when the number of firms is equal to two. The author
shows that the support of prices lies in an interval not larger than twice the level of switching costs.
However, with no specific assumption on the tie-breaking rule of consumers, we obtain two equilibria

whenever S € (ﬁ, i) . We detail the formal proof in Appendix C.2. [

From Lemma 3, the expected profits of the firms are lower when indifferent consumers switch. When
consumers are more prompt to switch, firms behave more aggressively which leads to lower expected

profits.”’

"We show in Appendix C.2 that in this case firms play with a positive probability the lower bound of the support. Conversely,
when indifferent consumers do not switch, firms play the upper bound of the support with some positive probability, which
coincides with the equilibrium obtained in Shilony [49].
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CoLLUSIVE EQUILIBRIUM

As with short-sighted consumers, short-run consumers do not make unilateral decisions to break the
collusive outcome and we only need to verify that no firms wants to unilaterally deviate. The optimal
deviation price is the same as when consumers are short-sighted, p = 1 — §, and the firms incentive

constraint (ICy) to sustain collusion is:

1

1— 96

14
>2x(1—8)4§ 5 (ICy)
—

Solving for the expected discounted value of the punishment path obtained in Lemma 3, we obtain the

regions where collusion is possible.

Proposition 10.

1. For S = o, full collusion is an equilibrium for § >

2. ForS € (o, ﬁ],full collusion is an equilibrium for § > #Z\S/Z)S = 5(S).

3. ForS € (ﬁ, i), we have two possible equilibria:

« If ", full collusion is an equilibrium for § > =23 = §(S) and partial collusion (pc = w)
forS € (i, %)
. T . . g1 > 2(1—285) —
If o, full collusion is an equilibrium for § > T ) 8(8).
4. For S > 2, full collusion is always an equilibrium.
Proof. We detail the proof in Appendix (C.2). ]

Figures 3.6.1 and 3.6.2 recap the result of Proposition 10.
Full collusion is implemented whenever the value of switching costs is so high that attracting the
consumers of the the rival is not profitable, i.e. S > !. Also, with relative small levels of switching costs,

ie. S € (0, —~|, attracting the consumers of the rival is less costly and collusion is harder to
2+4/2 & Y

implement. For the values of switching costs in § € (2 - 7 i) the results depend on the behaviour of

indifferent consumers. When indifferent consumers switch, the region sustaining full collusion is larger

than when indifferent consumers remain loyal to their firm.?° This result comes directly from the fact that

*%For some values of parameters and switching indifferent consumers, only partial collusion is sustainable, i.e. the collusive
price is strictly lower than 1. This range of parameters is depicted in red in Figure 3.6.1.
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Full Collusion

Partial Collusion

2+V2 No Collusion

S

Figure 3.6.1: Collusion area with short-run consumers when consumers decide to switch when they
are indifferent — The region in red represents a situation where collusion below full consumer's reser-
vation price is sustained.

the punishment path after deviation is more severe in the case of switching indifferent consumers. These

results extend to a continuum of consumers.

Remark 3. With short-run consumers who switch when they are indifferent, collusion is harder to implement
than with short-sighted ones.*' As the immediate cost of deviation is the same, this comes from future gains from
deviation being lower when consumers are short-sighted. Hence, although the deviating firm enjoys the whole
market indefinitely when consumers are short-sighted, the incumbency price is so small in this case that a one time

deviation in the short-run case is more profitable.

21f ¢! is played, there is a small area on which collusion is possible for short-run consumers, but not short-sighted ones.
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Full Collusion

Ve No Collusion

A 5

2

Figure 3.6.2: Collusion area with short-run consumers when consumers do not switch when they are
indifferent.

3.7 INCREASINGLY LOoYAL CONSUMERS

Until now, we have considered that the consumers’ switching costs are homogeneous. Moreover,
switching costs are invariant over time and do not depend on the number of periods a consumer have
purchased from a firm. Yet, homogeneity does not apply in many industries, and the level of switching
costs can depend on the past purchasing history of a consumer. This occurs when there is learning
associated to the usage of a product or in the presence of brand loyalty. In those markets, the costs
associated with buying from another provider increase with the number of purchases of a single product.
As aresult, switching costs evolve endogenously and depend on the purchasing decisions of consumers.
Here, we discuss the case in which switching costs increase with the number of periods a consumers
remains captive. This captures situations of increasing synergies between sellers and buyers.

We denote the initial value of switching costs S, and it evolves over time according to a function
S; = Z(t) that increases with the number of periods - ¢ - a consumer remains captive to a firm. The
possibility of heterogeneous switching costs arises as switchers have a lower switching costs than
consumers that remain captive. Once a consumer has switched, his level of switching costs goes back to

1.22

the initial level.** Because we aim at characterizing the pricing strategy of firms, we only consider the case

*2Some recent studies, e.g. Biglaiser et al. [8], have considered the case where consumers differ in their switching costs.
However, in those papers heterogeneity of switching costs is assumed, while heterogeneity here is considered endogenous.
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of two long-run representative consumers that do not behave strategically.>* To further simplify the

analysis, we introduce the following assumption:
Assumption 6. The function Z(t) is bounded by the consumer’s reservation price, i.e. lim;_, oo Z(t) < 1.

Therefore, the level of consumers switching costs always stays below the consumer’s valuation for the

product. The following Lemma introduces the equilibrium of our incumbency game.

Lemma 4. The pair of prices that constitute an equilibrium of the incumbency game changes over time and is

equal to:
(pe(§ = 2), pul§ = 0)) = (St = 8(1 = S)V(S,8), =8(1 = §)V(S, §)) (3.7.1)

where V(S) = Do, 8 X Z(t) is the present discounted value of switching costs. Moreover, no consumer

switches in equilibrium.

We detail the formal proof in Appendix (C.3). The result is fairly intuitive. As switching costs increases
with captivity, so does the equilibrium prices in our incumbency game. At the beginning, and after a
deviation from the collusive path have occurred, the price is low in order to retain consumers. This is
similar to an “investing” phase. The objective of the firm is to increase the degree of captivity of his
consumers.”* Later, as switching costs increase, the firm increases her prices accordingly. This represents a
“harvesting” phase where the firm obtain larger profits.

We proceed by studying to what extent increasing loyalty affect the sustainability of a collusive
outcome. Because switching costs increase with captivity, firms want to deviate from collusion at the
beginning by setting a deviation price p? = p(c) — S,. Therefore, the discounted profits from deviation
areT1¢ = 2 x (p(c) — S,) + 81 (p(2)). The incumbency discounted profits are:

STL (p(2)) = 28 (S — 8(1 — 8)V(S, 8)) + 28* (S, — 8(1 — 8)V(S,8)) + ...
+ 28 (Sim, — (1 — 8)V(S,8)) + ...
=2x ) 8(S, = 8(1— H)V(S)) = 28(1 — §) x V(S, )

t>o

Therefore, full collusion is an equilibrium of our game if the discounted profits from collusion are above

*3We leave the case of forward-looking consumers and a continuum of them for future research.
>*Observe that during this phase prices might be negative in order to keep the consumers captive. For some ¢ < , we might
have that S;—, < §(x — §)V(S).
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the ones obtained from deviation.

1

1— 3§

>2x (1—8,) +28(1—8) x V(S,8) =11

<= 0>1—28—2(1—8) xS, +28(1—8)* x V(S,§) = Rhs(S,, 3)

<= § > §" where 20~ lj_ 20 - 5)S =(1—8)V(S, &)
28%(1—§8%)

and the value of the discount factor §* € (o, 1) that solves the equation is unique.>® From this expression,
collusion is easier to implement when the initial level of switching costs S, is large and harder when the
discounted value of switching costs V(S, §) is large. The former makes the deviation from collusion more
costly and the latter leads to larger profits after deviation.

The following result establishes that for the same magnitude of switching costs, collusion is harder to

sustain in the case of increasingly loyal consumers.

Proposition 11. Assume (1 — §)V(S) = S, then full collusion in the case of increasingly loyal consumers is an

equilibrium if:

5> —1+ S+ 1+ (S, —8)> — 25, + S,
- 28

Compared to the case of homogeneous switching costs S, collusion is harder to sustain.

We only need to show that:

—1+S+\/1—|—(SO—S)2—ZSO+SO S —14+ /1 — 25428
25 - 28
= /128, + (So —S)* —vV1—28>8 -8,

which is always true aslongas S > S, and § > o.

The intuition of this result is simple. As the value of switching costs increases with captivity, and
because consumers are short-sighted, attracting the consumers of the rivals is cheaper when consumers
switching costs increase with captivity. Conversely, incumbency profits increases over time because
consumers switching costs increase. Thus, whenever consumers have increasing switching costs,
deviation from a collusive outcome is cheap and the punishment path after deviation is less severe. This
two effects work in the same direction, making the implementability of a collusive outcome harder. We

proceed the analysis by obtaining the regions of full collusion for a given function of switching costs.

*>The uniqueness of §* comes from the right hand side decreasing with § as lims_,,(1 — §)V(S,§) = S, and lims_,, (1 —
§)V(S, 8) = o. And whenever S, < %, the left hand side is decreasing with & as OLhs L ((8_11)2 + 1—;50) > o and the limits

a8
lims_,, Lhs = —o0 and limg_,, Lhs = +o0.
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ExaMPLE Switching costs increase with the periods of captivity - £ - according to the function:

_b+1—a

2(t) b+1

; a€(1,2) and b e R,
The parameter b affects the initial level of switching costs S, (b) = b%l, and the parameter a stands for the
intensity of increase of switching costs. The function is both increasing and concave with respect to the
number of periods a consumer have stayed captive with the firm. By differentiating the function Z(t) with
respect to - t - we obtain:

0Z(t) a‘'log(a) 0*Z(t)  a 'log(a)

= > o; =———2"7 <o

ot 1+b ot 1+b

To examine when a collusive outcome may be sustained in equilibrium, we only need to consider that no
unilateral deviation by a firm takes place.?® To facilitate the exposition, we introduce two measures, the

discounted value of switching costs and the discounted profits from deviation:

V(S| ba) = D8 x Z(t) = So(b) + Y 8" x (b“_“t) - B(II_S> b+8(1+v'(a,95))

b+1
t>o t>1 +

1+ 5(b+8) | F

Hd(b,a)zzx[(1—So+8(1—8))V(S|b,a)}:zx{ T A

“2fore (B )]

where B = (b+1)andv'(a,8) = — > > 8" X a~!is the discounted value of the intensity of growth of
switching costs.
We see that the discounted deviation profits increase and decrease with both the intensity of growth of

the captivity of consumers and the initial level of switching costs:

or(b,a) 2 L(b+8 28 2 § )
T——E |:1+8 (T+V(0)>:|+§—_E[1_8+8 (1+v(a78))]<0

oré(b,a) 8 0v'(a,9)
da B Oa
This implies that the likelihood of sustaining a full collusive outcome is affected by both parameters. The

>0

results are represented in Figure 3.7.1. We observe that the necessary level of firms’ discount factor to

2%Tn this example, deviations by consumers are not considered since they do not behave strategically.
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sustain collusion increases with the intensity of growth of switching costs. On the other hand, the initial

level of switching costs and the cost of deviation also increase with the parameter b, making full collusion

easier to sustain.

0.3  0.45
a=2 T T
| I
! 1
b'=0.8" b =o0.4
S, = 0.45 :‘So = 0.29
;‘ ;' Full Collusion
. Fyll Collusion
(0,1) —
0.25 0.39 s

Figure 3.7.1: Area of full collusion with increasing switching costs as a function of the initial switch-

ing cost and the intensity of increase.

Therefore, the fact that switching costs might be evolving with respect to the purchasing history of
consumers also has an important effect on the feasibility of collusion. Here, we have established that
collusion is harder to sustain whenever switching costs increase with the number of periods a customer
have remained captive to a firm. Hence, a competition authority should pay more attention in industries
where the level of switching costs remains constant. However, we have not tackled the issues of

increasingly loyal and forward-looking consumers, which is left for future research.

3.8 CONCLUSION

We have seen that the sustainability of collusion depends on the fundamentals of the economy as well as
on the type of consumers on the market. Their level of sophistication affects the incentives to deviate
from the collusive path while the frequency with which they interact with the firms affects the severity of
punishments. Hence, in the presence of two representative consumers, maintaining a fully collusive
outcome is more difficult when consumers are forward-looking. But this result does not extend to a

continuum of forward-looking consumers. When consumers build loyalty over time, the incumbency
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game is characterized by well defined investing and harvesting phases. In this case, for a comparable level of
switching costs, collusion is harder to sustain. Overall, if they could, firms would have incentives to set
large switching costs at the beginning to facilitate collusion.

A competition authority should therefore take into consideration the level of consumers’
sophistication as well as their level of interaction with firms if switching costs are present. Furthermore,
the number of consumers and their beliefs about the behaviour of their peers seem to have a great impact
on the sustainability of a collusive outcome. Educating consumers on the effects of their current
purchasing decisions on future equilibrium prices and on the benefits of coordination seems a sound

strategy to reduce the possibility of tacit collusion.
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Abstract

We study the welfare impact of revenue management, i.e. intertemporal price discrimination when the
product availability is limited both in time and quantity, and consumers’ arrival is random. This practice is
particularly relevant, and widely spread, in the transport industry, but little is known about its
implications on profits and consumer surplus. We develop a theoretical model of revenue management
allowing for heterogeneity in product characteristics, capacity constraints, consumer preferences, and
probabilities of arrival. We also introduce dynamic competition between revenue managers. We solve this
model computationally and recover the optimal pricing strategies. We find that revenue management is
welfare enhancing. Revenue managers face two types of constraints: a limited booking period and fixed
capacities. Previous sales affect the relative slackness of these two constraints, explaining price variations.
Profits increase as the practice offers more leeway to the seller compared to posting a fixed price
throughout the booking period. Total consumer surplus also increases for a wide range of specifications,
as revenue management raises the number of sales. In the presence of heterogeneous consumers,
consumers with low price sensitivity subsidize ones with high price sensitivity when demand is low but
both types benefit from the practice when demand is high. This sheds some light on the impact of revenue

management on the surplus of business and leisure passengers.
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4.1 INTRODUCTION

We study the welfare impact of revenue management and the dynamics of fares resulting from this pricing
strategy. We find that revenue management is generally welfare-enhancing. Revenue management is
widely used in transports, especially by airline and railway companies, but also to manage hotel bookings
and ticket sales. This form of intertemporal price discrimination allows the seller to manipulate the price
of a product whose availability is constrained both in time and in quantity. In a framework in which
consumer arrival is uncertain, the seller can react to the demand realization: she increases or decreases her
prices given the quantity already sold and the remaining time in which to sell the residual capacity.

Whether revenue management is welfare-enhancing or not is a difficult question which remains, to the
extent of our knowledge, unanswered. The practice might seem unfair, and on the ground that it increases
firms’ profits, raises suspicions that it harms consumers. However, forcing the firm to post a fixed price
does not ensure that it will post an affordable one. When restricted to a fixed price, the revenue manager
can no longer reward early bookers through rebates or propose last minute deals at the end of the booking
period.

We develop a model of revenue management allowing the seller to simultaneously propose different
products, heterogeneous in their characteristics but also in their availability, to different types of
consumers. For instance, a revenue manager in a railway company could propose several trains on a given
day for the same origin-destination leg. These trains could differ in their departure time, number of stops
along the way, or number of seats. Each is characterized by a capacity constraint, i.e. its number of
remaining seats. As a revenue manager is also likely to react to the prices posted by her competitors, we
introduce dynamic competition between revenue managers.

We computationally solve this dynamic program by simulating stochastic arrivals of consumers and
their purchasing decisions. We then compute the subsequent optimal reaction of the revenue manager.
Our results are robust to several specifications for the arrival of consumers as we allow for constant and
increasing arrival rates.

Our approach allows us to answer the difficult questions of finding the equilibrium pricing strategies
and assessing the welfare impact of revenue management despite the absence of a closed-form solution to
our model. Another method to understand the strategies played at equilibrium and to carry out this
welfare analysis would have been to estimate a structural model of revenue management. It is however
difficult to procure sufficiently detailed data on this topic as they are a very sensitive and strategic piece of
information.

We first consider a simple model of revenue management with homogeneous products and only one

type of consumers. The revenue manager only faces one capacity constraint and one time constraint. This
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allows us to illustrate the forces at play in revenue management: the intensity of the constraints faced by
the revenue manager can be represented by the ratio of remaining units over the remaining time to sell
them. For a given number of units, if the remaining time to sell them decreases, the ratio increases, and
the revenue manager is pressured into lowering her prices. If, on the other hand, for a given deadline, the
revenue manager has less units to sell, the unit-time constraint faced by the revenue manager is relaxed
and she will try to sell the last units at a higher price.

We are able to recover a standard feature of the industry pricing: if the arrival rate of consumers is
sufficiently high compared to the total capacity, prices start low and increase as time goes by. At the very
end of the booking period, prices can dramatically fall as the manager does not want to keep unsold units.
When the intensity of demand is low compared to the total capacity, the probability of the revenue
manager being constrained by the number of available units is almost zero and intertemporal price
discrimination does not occur in practice. We also show that compared to an optimal fixed price, revenue
management strongly increases consumer surplus through a higher number of sales without hurting the
profits of the company.

We also consider the more complex and realistic case in which heterogeneous consumers have to
choose between heterogeneous products, for instance an off-peak and a rush-hour train. The revenue
manager now faces one time constraint but several capacity constraints. Solving for the optimal pricing
strategy of the revenue manager and for the optimal fixed price, we compare the producer and consumer
surpluses between these two pricing strategies. For low intensities of demand compared to the total
capacity, revenue management allows price-sensitive consumers to be subsidized by the ones with a lower
price elasticity. However both categories of consumers benefit from the practice as the intensity of
demand increases for a given total capacity. Applied to the transport industry, this provides some insights
about the impact of revenue management on leisure and business passengers.

In the third part of the paper, we introduce both indirect and direct competition in the model, and
study their impact in terms of profit and welfare. We find that compared to the monopoly case and
holding demand constant, direct competition substantially increases load rates through lower prices. We
also study the impact of ex-ante strategic decisions on social welfare, such as allowing revenue managers
to choose the total capacity they propose before they compete against each other. In this context, we find
that competition between two revenue managers reduces producer surplus only slightly compared to the
monopoly case but allows consumer surplus to be twice as large.

We review the literature in section 4.2 and present the model and our algorithm in sections 4.3 and 4.4.
Results for the simplest one-product homogeneous-consumers case are presented in section 4.5.
Heterogeneous consumers are introduced in section 4.6. We analyse dynamic competition between

revenue managers and ex-ante competition in capacities in sections 4.7 and 4.8.
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4.2 LITERATURE REVIEW

The literature on revenue management is wide both in operations research and economic theory. Our
paper fills the gap between the two fields, answering a truly economic problematic in the realistic
framework of operations research.

In operations research, Talluri and Van Ryzin [ 51] and Talluri and Van Ryzin [ 52] introduce a
choice-based model of revenue management and show the two forces driving the manager’s actions: the
will to boost demand by selling at a low price, and the incentive to post high prices after a sufficient
number of sales." The first force is prevalent at the beginning and at the end of the booking period. They
also show that the choice-based approach gives better results than other methods of revenue
management. We show that some of their results do not hold when we allow the capacity constraint of the
revenue manager to be multidimensional, e.g. when the revenue manager maximizes profits over two
different types of products instead of one. In that case, the revenue manager may be willing to post prices
which are not efficient according to their definition. McAfee and Velde [35] study a similar question,
restricting to demand functions satisfying constant price elasticity, which allows them to derive a
closed-form solution. They also use a reduced-form approach by modelling arrival of consumers and their
purchasing decision as a simultaneous process. To the extent of our knowledge, Vulcano et al. [55] is the
first attempt to estimate consumers preferences and to carry out counterfactuals in a revenue management
context. Gallego and Van Ryzin [22] introduce the notion of multiple products and associated limited
resources although they adopt a reduced-form approach for the consumers’ behaviour. Modarres M. [37]
study the pricing strategy when cancellation is possible and revenue managers do not update their prices
every period. McGill and Van Ryzin [36] provide a comprehensive overview of the issues raised by
revenue management. This operations research literature does not provide any welfare analysis of revenue
management, but rather focuses on the best way to implement it from the perspective of the seller.
Despite some similarities in the way we model the maximization program of the revenue manager, our
aim is radically different. We also extend these models by introducing strategic choices and strategic
interactions from and among revenue managers.

The economic literature, starting with Stokey [ 50], has dealt with intertemporal price discrimination
but not really with revenue management from an operational perspective. For instance, Dana Jr [13]
studies how a firm can use revenue management to smooth demand peaks and reduce capacity costs. He
models revenue management as price discrimination between two flights differentiated by their departure
time, but does not consider fluctuating prices for a given flight. Related to our topic, although more

theoretical, Gershkov and Moldovanu [24] use a mechanism design approach to solve the revenue

'A choice-based model is one which explicitly models consumers’ choices.
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management problem. This method has the advantage of providing a model with a closed-form solution.
However it stands on a theoretical ground which is far from the practitioners’ world. Horner and
Samuelson [27] study the allocation of a good when consumers are forward-looking. This framework
certainly improves the theory of revenue management but is, in our opinion, less useful to study more
practical issues such as its welfare impact. Indeed, forward-looking consumers are supposed to be able to
observe and react to any price change from the revenue manager from the moment they realize they need
a ticket to the end of the booking period. We feel that search costs or aversion towards the risk of not
finding a seat might also play a role when booking a ticket. In that case, even forward-looking consumers
could behave like impatient ones. In practice, in the transport industry, we feel that consumers looking for
a ticket make their purchasing decisions comparing prices of travelling options with close departure dates
rather than trying to anticipate future prices. Because of this, we choose to simplify the analysis and
model our customers as impatient, which is a standard feature in the operations research literature. This
allows us to model a more realistic framework including several substitutable products to choose from.
We also address the possibility of partially forward-looking consumers in one specification of our model
by allowing the willingness to purchase the products to increase over time. This represents a situation in
which consumers are aware that there might not be any products left if they wait but cannot anticipate the
pricing strategy of the revenue manager. Lazarev [32] empirically studies the welfare impact of
intertemporal price discrimination. His approach however does not explicitly take into account revenue
management but assumes an exogenous dynamics of fares. Williams [ 57] estimates a dynamic model of
revenue management and price discrimination using a framework similar to ours. He finds that revenue
management benefits consumers on average, which confirms our first result. However, he avoids the
problem of substitutability between products by focusing on single flights. We also conduct an analysis of
revenue management when the revenue manager can propose several types of products.

Finally, Goodwin [25] and Wardman and Shires [ 56] both conduct reviews of price elasticities’
estimates in transports, respectively with a focus on short-term vs. long-term and on the types of
consumers. To carry out our analysis, we choose values of parameters giving us price elasticities

consistent with the average estimates in this literature.

4.3 THE MODEL

4.3.1 NOTATIONS

Our revenue management problem features a seller, the revenue manager, proposing several products,
constrained in quantity, to a set of potential consumers. The revenue manager can only sell her products

during a finite period of time, which corresponds to the booking period in the transport industry. In our
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model, this period starts at date T and ends at date 1. Consumers who purchased the products consume
them at date o.

We allow products to be heterogeneous in their characteristics and different types of products can be
simultaneously proposed to consumers by the revenue manager. For instance, a revenue manager can
simultaneously propose a first-class ticket and a second-class ticket. All products are constrained in
quantity and each type of products has its own constraint. In the previous example, the number of first
class tickets that the revenue manager can sell is constrained by the number of first-class seats. Products
characteristics are denoted by i € 1.> X; denotes the remaining capacity for attribute i. The vector of
remaining capacities for all constrained characteristics in I is denoted X.

The range of possible prices for a product with attributes i is denoted P; and contains a price equal to
00 for all i. At each period of the booking process, the revenue manager chooses the menu of tariffs she
proposes to the consumers. p € [ [, P; is the vector of selected tariff options for all products. We assume
that when p; = +00 is chosen, the product is sold with probability o. This tariff option is therefore
equivalent to closing the sales of the product. When bought, a product with attributes i is exchanged at
price p; = p;.

We assume that no more than one consumer can buy a product within a period t of the booking
process.> At each periodt € {T, ..., 1}, a consumer arrives with probability A;, observes the available
tariffs, and chooses whether or not to purchase. The dummy d; takes value 1 when a product with
attribute i is purchased. When the consumer selects the outside option, d, =1— ) . d; = 1.

In the following, we sometimes use the expressions market size or intensity of demand when referring to

the average rate of arrival [E(2;).

4.3.2 THE BELLMAN EQUATION

At each period t of the booking process, the revenue manager observes the remaining capacity X and
chooses a menu of tariffs so as to maximize her overall profit. If she sells a product during the period, she
gets the instantaneous profit given by the price of the product plus her continuation value when there is
one less unit of product to sell. If she does not sell, she just gets her continuation value for a remaining
capacity X. Selling occurs if a consumer arrives and decides to buy. Not selling occurs either because no
consumer arrived or the consumer chose not to buy. We denote Pr(d; = 1|p) the probability that a
consumer buys a product i conditional on a proposed menu of tariffs p. We shall define this probability

later when we explicitly model the consumers’ behaviour.

*For the sake of simplicity, we chose to model only the products characteristics which are physically constrained. We could
easily add another layer of differentiation, such as the flexibility of a ticket. But this would not change the flavour of our results.

*Although this might seem a bit restrictive, we can choose T as large as needed to ensure that this assumption is empirically
justified.
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Hence, the choices of the revenue manager must satisfy the following Bellman equation:

Vi(X) = max » APr(di =1lp) [pi + Vi (Xi — 1, X))

PETLP; 4=
1

+ 1=+ XPr(d, = 1|p)] Vi (X) (4.3.1)
subject to the final constraints:

V0<Xi) =0 7VX1'
Vi(X) =0 , whenever ) . X;=o (4.3.2)
Pi = +OO y lel =0

Denoting E(7|p) the instantaneous expected revenue given p, we can rewrite Equation 4.3.1 as:

Vi(X) = max A |E(zn|p) — Pr(d, = o|p)Vi—.(X)

PETLP;
+ zpr<di = l‘f’)Vt—l<Xi - 17X—i) + Vt—l(X) (4-3-3)

subject to the final constraints 4.3.2.

In the last equation, Pr(d, = o|p) represents the total probability of purchase if the menu p of tariffs is
chosen.

The three final constraints are respectively given by the fact that sales are closed at the end of the
booking process, the limited capacities, and the fact that the revenue manager has to close the sales of a

type of products when it is no longer available.

4.3.3 DEMAND MODELLING

The probability with which a consumer buys a product with characteristics i given p is determined by the
way we model demand. We adopt here a multinomial logit approach, in which the utility of a consumer

arriving in period t is given by:

ut(pi) =v+au — vpi t € when d,- =1
(4.3.4)

ul = ey , when the outside option is chosen.
In the above equation:

« ¢isthe random part of the utility and is drawn from a type-I extreme value distribution, with
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location parameter y equal to the Euler-Mascheroni constant (X 0.5772) and scale parameter
o = 1. These parameters ensure that ¢ is a zero-mean random variable with a variance equal to %1.

Those noises are i.i.d across options and consumers.

« U, = oin case of no purchase, and u(p;) = v + au; — yp; in case of a purchase of a product with
attributes i at price p;, are the deterministic parts of the utility. 4; represents the observable
characteristics of product i. The parameters a and y respectively represent the consumers’
sensitivity to these characteristics (such as the comfort class) and to the price. v is a scale parameter.

Note that we can allow these parameters do depend on consumers’ observable characteristics.

Following Ben-Akiva and Lerman [6], the choice probabilities Pr(d; = 1|p) are given by:

~ ipi)
Pt’(d,— pmnd 1|p) s ﬁ
Pr(d, = 1|p) = m

(4.3.5)

Notice that the final constraints of the Bellman equation imply that the revenue manager posts an
infinite price p; when a product i is sold out. Looking at Equation 4.3.5 above, it means that the

probability of purchasing such a good is zero. If all products are sold out, all prices are set to infinity and

the probability of choosing the outside option is 1.

Remark 4. The relationship between y and the price elasticity of demand 1(p) is easily derived. Denoting S;(p)

the market share of a product with attributes i when consumers face a price vector p, we get:

~ 0S; pi
n(p) = 6_1?1 s rpi(1 = Si) (4.3.6)

4.3.4 COMMENTS ON THE THEORETICAL MODEL

Compared to other models of revenue management in the operations research literature, we differentiate

ourselves in the following ways:
« We allow for a general product set, described by several capacity constraints.
« We choose a flexible structural approach to model purchasing decisions.

« 'The revenue manager can choose the price of each available product but also which products to
propose using the option of an infinite price. By comparison, some revenue management papers
assume that if two products are identical in all their characteristics but their prices, they constitute

two different products. This leads to unrealistic consumer behaviours: when proposed
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simultaneously to the low price product, the high price product can be chosen by consumers with

some positive probability.

Our model is therefore flexible enough to accommodate realistic pricing and consumption decisions.
This flexibility has a cost: our model does not have any closed-form solution and some of the theoretical
results that can be found in the literature do not extend here. More details about these issues can be found
in Appendix D.1.

The best approach to solve our model is to use computational techniques.

4.4 ALGORITHM

To recover the optimal pricing strategy of the revenue manager and assess the welfare impact of revenue
management, we construct an algorithm that solves the revenue manager optimization problem and finds
her optimal action at any given period during the booking process and for any value of the state variable X.

First, we set the values of the different parameters driving consumers’ choices as well as the choice sets
of the revenue manager, P; Vi. All these values are chosen so as to be as realistic as possible. Values of
parameters for the preferences of the consumers were chosen to match price elasticities estimated in the
economic literature. (See Goodwin [25] and Wardman and Shires [56].) The number of tickets that the
revenue manager has to sell matches the average capacity of a plane or a train. In our computations we
choose capacities going from 200 seats up to 400 seats. The price grid was constructed based on
observations about prices of train tickets in France and intra-European flights.

Given parameters for the preferences of the consumers and product characteristics, we are able to
construct the purchase probabilities for each product as well as the expected instantaneous revenue using
the demand model described above.

We therefore have all the elements necessary to solve the Bellman equation faced by the revenue
manager. We start from the final constraints where the continuation value of the Bellman equation is zero
and we compute the value functions at previous dates and for all possible states by iteration. More
precisely, we fill a matrix with T + 1 rows and ) _, X; columns. The first column corresponds to the case in
which all products are sold and is therefore filled with zeros. The first row corresponds to the end of the
booking period when the revenue manager can no longer sell the products. It is also filled with zeros. We
can find the value functions in the second row because we know all values in the preceding row are zero.
Using the Bellman equation, the value functions in the second row are the maximum expected revenue
conditional on the available products. A maximization program running on the finite set of prices
available to the revenue manager gives us this value function as well as the optimal menu of prices. The

continuation values in period 1 (second row) are plugged into the Bellman equation, and we can solve it
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for period 2. We continue this iterative process until period T. This gives us the optimal actions of the
revenue manager for each t and X.

Finally, we simulate arrivals of potential consumers during the booking period by random draws from a
binomial distribution with parameter A. We also generate the random shocks ¢; in the utility of the
consumers and recover their purchasing decisions and surplus. Profits and total consumer surplus are
computed as the sum of individual purchases and surplus. This being a stochastic process, we repeat the
whole operation hundreds of times so as to recover the expectation and variance of the profit and

consumer surplus.4

4.5 THE DISTRIBUTIVE PROPERTIES OF REVENUE MANAGEMENT

Although discrimination often creates an inefficient allocation of goods among consumers, it can
sometimes increase the consumer surplus through a higher volume of sales. In this section we show that
this is indeed the case with revenue management, using the model developed in section 4.3, and realistic
values of parameters.

We develop here the simplest case possible with homogeneous products and only one type of
consumers. Products are only differentiated through their price. Average values of proposed prices, profit
and consumer surplus are found using the algorithm described above. The values of parameters we chose
are summarized in Table D.2.1 of Appendix D.2, column (1). We simulate this setup for constant arrival
rates:

A=A, Vtwithd € {0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9}

4.5.1 PRICE VARIATIONS IN REVENUE MANAGEMENT

In a first setup, we illustrate the revenue management practice using a range of possible prices, P, equal to
{40, 90}. The selected values of parameters and Equation 4.3.6 allow us to compute the price elasticity
of demand in this case: 7 =~ —o.s1whenp = 40 and 5§ =~ —2.1when p = go. These are in line with price
elasticities’ estimates in the rail industry: in Goodwin [25], the average price elasticity for the demand for
train tickets is —0.79 over 92 quoted values. In a more recent review, Wardman and Shires [56] find an
average price elasticity of —o0.9 over 456 inter-urban rail demand elasticities in Great Britain, with highest

elasticities around —3.2.

“In the remaining of the paper, we present average profit and consumer surplus across all the simulations. Prices at each
period of the booking process are also averaged across all simulations. The number of simulations varies between 500 and 1000
depending on the specification. (See Table D.2.1 of Appendix D.2.)

These bounds have been chosen after observing the change in ticket prices on the second class Paris-Lyon over the whole
booking period.
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Figure 4.5.1: Change in posted average prices as a function of the booking period. Figure (a) deals
with a demand of medium intensity, A = o.4; Figure (b) deals with a demand of high intensity,

A = o.7. Note: The averaging is performed over all the simulations at a given period of the book-
ing process. To facilitate the reading, we use a non-parametric fit of average prices over the booking
period. The confidence interval in red is the smoothed confidence interval of the mean.

Figure 4.5.1 represents the change in posted average prices in such a setup for A = 0.4 and o.7. The
averaging is performed over all the simulations at a given period of the booking process. We notice that
for a medium market size, the revenue manager tends to start with a low price: the time constraint
dominates the capacity constraint. In that case, the revenue manager has the incentive to sell fast as many
units as possible. When enough sales are made, prices start to increase: the capacity constraint now
dominates and the incentive to sell the remaining units at high prices counterbalances the incentive to sell
all units. At the end of the booking period, the opportunity cost of having unsold units dominates again
and prices go down.

When the market size is larger compared to the total capacity, the frequent arrival of consumers makes
it very likely that all units will be sold by the end of the booking period. Therefore, the capacity constraint
already dominates at the beginning of the booking period and prices start high. This explains the shape of
the price curve when A = 0.7.°

Note that this general shape is not a feature of the particularly simple price structure we adopted in this

example. We performed the same exercise with five different prices between 20 and 100 and reported the

®In practice, prices vary through time according to shape (a) rather than shape (b). This would mean that the proposed
capacity is quite high compared to the market size. A possible explanation is that given the risk stemming from the random
arrival of consumers, revenue managers prefer to underestimate the market size when maximizing their profit. However, such
risk aversion is not modelled here. Another explanation would be that firms choose not to reduce the proposed capacity so as to
avoid a shortage of units to sell and possible consumer discontent.

100



price variations for A = o.5 in Figure D.8.1 of Appendix D.8.1. Although variations are less pronounced,
the general shape remains the same.

This shape of the price curve is standard in the revenue management literature: it corresponds to the
price curve found in McAfee and Velde [35] and the incentives faced by revenue managers are mentioned
in Talluri and Van Ryzin [51]. We can also retrieve this shape looking at transport prices, for instance

airline prices, which usually increase as time goes by but can drop at the last minute before the departure
of the flight.

4.5.2 REVENUE MANAGEMENT VS. OPTIMAL FIXED PRICE

Revenue management offers more leeway to the seller than an optimal fixed price strategy. It is therefore
expected that a revenue management strategy including the optimal fixed price in the choice set of the
seller must (at least weakly) increase her profit compared to the optimal fixed price alone. In this section,
we test this prediction and measure to which extent revenue management including the optimal fixed
price raises profits and affects consumer surplus.

To do so, we compute the optimal fixed price p° and the average profit and consumer surplus associated
with this price. We then construct the choice set P of the revenue manager to include p° and some small

variations around this price:

P:{pu_£7p07p0+g}‘gzlaz»"'

Although the revenue manager’s choice set is small, Figures D.8.2 and D.8.3 of Appendix D.8.2 show
that revenue management weakly increases both profits and consumer surplus. The increase is significant
only for market sizes which are high compared to the capacity constraint. When A > 0.7, revenue
management increases profits by 1% compared to the fixed price strategy, and for the same values, the
increase in consumer surplus lies between 2% and 3%. These values are significant and indicate that
simply adding some leeway in the choice set of the seller can benefit both the company and the
consumers.

We find no significant profit increase for A < o.4. In these cases, the price posted by the revenue
manager is always the optimal fixed price. For these values of the arrival rate, the observation of a high
volume of sales during the booking process is very unlikely. The revenue manager does not have any
incentive to modify her posted price because she anticipates that the capacity constraint will not be

binding. Further discussion of these results can be found in Appendix D.3.
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4.5.3 REVENUE MANAGEMENT AND INCREASINGLY IMPATIENT CONSUMERS

Consumers are obliged to choose the outside option if all products are sold out. Although we do not
model the consumers’ behaviour in a dynamic way, one way to introduce concerns for the future would be
to consider consumers with an increasing willingness-to-pay.

Indeed, let us assume a semi-sophisticated consumer who is well aware of the possibility that she might
not get a ticket if she waits but cannot fully anticipate the pricing strategy of the revenue manager. If this
consumer arrives at the beginning of the booking period, she might think that she has enough time to find
another option if she chooses not to buy immediately. Her value for the product is pretty low relative to
her value for the outside option. But if she arrives at the end of the booking period, there is a high
probability that all products will be sold out soon and she is running out of time to find a decent outside
option. Her willingness to buy the product becomes high compared to the outside option.

Taking the example of someone looking for plane tickets, she might feel that she has plenty of other
opportunities at the beginning of the booking period and might refuse a high-price ticket. At the end of
the booking period however, her other options may be less enticing or riskier — for instance other means
of transportation might not be available anymore. In this case, she might be willing to pay a higher price
for her ticket.

We model this situation by allowing the scale parameter in the utility function of the consumer to be a
decreasing function of t € [T, 1]. Hence, when purchasing product i, the consumer gets the following
utility:

u(p) =v+1— t;Tl—I—au,-—yp,-—l—e,-t (4.5.1)

Revenue management might allow the seller to extract even more profit compared to committing to a
fixed price strategy. Indeed, the seller can be flexible and adapt her prices to the arrival of consumers who
are more willing to pay high prices.

As we want to compare this situation to the case in which consumers have always the same willingness
to pay, we choose v in Equation 4.5.1 to be equal to 1, thus ensuring that the expected utility for
purchasing a product at price p; averaged over the booking period is equal to their expected utility when
they have a constant willingness to purchase.

Figures D.8.10 and D.8.11 of Appendix D.8.2 show our results when consumers have an increasing
willingness to purchase the product. For A < 0.4, revenue management has no effect on profits. When
A > o.5, the relative impact of revenue management compared to a fixed price on profits is slightly
stronger if consumers have an increasing willingness to purchase. Indeed, the increase in profits due to
revenue management lies around 1%, which is similar to the case in which consumers have a constant

willingness to purchase throughout the booking process. This impact is even stronger in some instances
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with a peak at1.5% when A = o.s.

However, the effect of revenue management on consumer surplus in this situation becomes ambiguous
as it increases or decreases consumer surplus depending on the value of the arrival rate. More surprisingly,
revenue management has some positive effect on the consumer surplus even for low values of A: as
consumers now have an increasing valuation for the product, the revenue manager has an incentive to
deviate from the optimal fixed price when A < 0.4. When 1 > 0.6, the relative impact of revenue
management is similar in both cases of constant and increasing willingness to purchase, around 2 — 3%.
But it appears that for intermediate values of the arrival rate, the impact of revenue management on
consumer surplus becomes negative. This demonstrates that in this situation, the fact that revenue
management creates surplus through a higher number of sales can be offset by a greater ability to capture
consumer surplus. This is confirmed by the observation that the value for the arrival rate yielding the

highest profits is also the one yielding the lowest consumer surplus.

4.5.4 REVENUE MANAGEMENT WITH NOISY ARRIVAL RATES

Another practical issue is the fact that the revenue manager can face some noise in her prediction of the
arrival rate of consumers. Even though the prediction is good on average, i.e. over several similar booking

periods, for a given booking period unobserved shocks might shift this arrival rate. Formally:
A=A+

where 1 is the realized arrival rate and v is a Gaussian white noise.

Revenue management has the extra advantage over a fixed price to be flexible enough to limit the loss
of profits due to these unobserved shifts. Suppose A > 1. The seller underestimates the size of the market
and might post a price which is too low. However, because she sells her products more quickly, she will be
able to raise her prices on her remaining inventory over a longer period of time.

To model this situation, we use the same framework as in section 4.5.2 except that we add a normally
distributed noise to A when we simulate the arrival of consumers.” We choose v ~ N(o, 0.02). Hence, the
optimal pricing strategy of the revenue manager is computed using A but the actual arrival rate of
consumers is simulated using A. Other values of parameters remain unchanged.

Figures D.8.12 and D.8.13 of Appendix D.8.2 show our results when the arrival rate of consumers is
noisy. For A < 0.4, the realized arrival rate of consumers is too low for revenue management to make any
difference with an optimal fixed price. In the following, we focus on A > o.s. Clearly, the relative impact

of revenue management compared to a fixed price on profits is stronger when the arrival rate is noisy.

The added noise is constant for the whole booking process.
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Indeed, revenue management increases profits from 1 to 2% whereas the increase was at most 1% in the
absence of noise. The fact that the seller cannot perfectly infer the arrival rate of consumers gives therefore
an additional advantage to revenue management compared to a fixed price.

However, the impact on consumer surplus is ambiguous. In some cases, e.g. A = 0.5, revenue
management lowers consumer surplus by 1 to 2% whereas there is no significant impact in the noiseless
case. For higher values of A, as revenue management leads to more purchases, consumer surplus still
increases compared to a fixed price, but to a lesser extent than in the noiseless case. Our interpretation is
that when arrival rates are noisy, the sub-optimality of the revenue manager’s pricing strategy given A
creates inefficiencies. For instance, if the arrival rate is overestimated, prices will be too high for too long
at the beginning, and this will preclude consumers to purchase. This phenomenon is not offset by cases in
which the arrival rate is underestimated because the increase in surplus due to low prices is bounded by

the number of available products.

Remark 5. The revenue manager could also use variations in proposed prices to try to learn about the real value
of the arrival rate during the booking process. She would then be able to update her pricing strategy using her
estimated value for A. This would increase the impact of revenue management on profits. Such a learning model

falls beyond the scope of our paper.

4.6 HETEROGENEOUS CONSUMERS AND PRODUCTS

We now turn to the case in which consumers are heterogeneous and have to choose between two types of
products heterogeneous in their quality. Indeed, intertemporal price discrimination can seem unfair to
consumers since two buyers can pay largely different prices for the same products. In particular, in the
transport industry, business passengers are more likely to pay higher fares since they do not plan their
trips in advance and buy their tickets when demand and prices are at their highest. For the same level of
service, they might end up paying twice as much as a leisure passenger.

However, some papers in the literature argue that business passengers actually benefit from the
presence of leisure passengers since the latter drive peak-demand prices down. (See Dana Jr [13].)

The situation we model here corresponds to the case in which a revenue manager optimizes profit over
a single leg, i.e. same origin-destination, but she can offer two types of products, for instance tickets for a
train early in the morning or for a train in the middle of the afternoon. In this case, high quality products
are tickets for the more convenient train, which we call the rush-hour train because everyone wants to
take it. The less convenient train is called the off-peak train.

In this section, we focus on a transport setting and test whether or not revenue management acts as a

redistributive tool (and in which direction) in a general framework in which leisure passengers with a high
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price elasticity have a constant arrival rate through time and business passengers with a low price elasticity
have an increasing arrival rate.®

Figure 4.6.1 depicts the unconditional probabilities of arrival of each type of consumers when demand
is low. Our model for the dynamic arrival of consumers and the extension of the Bellman equation to

heterogeneous consumers are thoroughly described in Appendix D.4.
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Figure 4.6.1: Change in the arrival rates of leisure and business passengers (unconditional probabili-
ties) as a function of the booking period when the intensity of demand is low: [E(#arrival) = 400.

Analysing revenue management as a redistribution tool requires to define different sets of parameters
for each group of consumers. We consider here the case of business and leisure passengers. A summary of
our simulation setup can be found in Table D.2.1 of Appendix D.2, column (2). The arrival rates are

defined so as to induce an expected number of arrivals over the booking period:
[E(arrivals) € {400, 600, 800, 1000, 1200, 1400, 1600, 1800 }

In each case, the number of consumers’ arrivals is in expectation equally divided between business and
leisure passengers. Hence, leisure passengers are relatively more frequent at the beginning of the booking
period and vice versa.

Both business and leisure passengers have identical preferences except for their price sensitivity. Using

8Business passengers can have a low price elasticity because their company covers their travel expenses for instance.
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Equation 4.3.6, the price elasticity of demand is § &= —o0.65 for a business passenger facing a ticket for the
more convenient train at price p = 100 and 5 & —1.45 for a leisure passenger facing a ticket for the less
convenient train at price p = 60. As a reference, in their meta-analysis of price elasticities in U.K. rail
transport industry, Wardman and Shires [ 56] find that the price elasticities of demand for inter-urban
trains by London business passengers range from —o.54 to —0.63 in the short-run and from —o.79 to
—o0.92 in the long-run. The same elasticities for the London leisure passengers respectively range from —1
to —1.17 and from —1.47 to —1.72 in the short and long-run.

We compute the optimal fixed price vector p°® and the associated average profit and consumer surplus.
We then compute the same average profit and consumer surplus in the case of a revenue management

strategy using the algorithm presented in section 4.4. The choice set of the revenue manager is defined by:
b, = {30, 50, 80, 100, 120, 135, 150, 165, 180, 195, 210, 230, 250, 290} , i =1,2

This choice set covers a wide range of possible prices but is not optimized and has deliberately been
chosen to be coarse.

The results are summarized in Tables 4.6.1 and 4.6.2. The impact of revenue management on profits is
even more noticeable than in the previous sections as the effect is positive and significant whether the
arrival of consumers is frequent or not.

Table 4.6.1 shows that revenue management significantly increases profits compared to an optimal
fixed price strategy, even if the set of prices from which the revenue manager can choose has not been
optimized. Indeed, revenue management can increase profits from 1.3% up to 13.7%, depending on the
market size. The impact on profits is also larger for small market sizes, which greatly contrasts with our
results on homogeneous consumers.

The variations in consumer surpluses between business and leisure passengers indicate that revenue
management benefits leisure passengers at the expense of business ones for small market sizes. However,
as the market size increases, the negative impact of revenue management on business surplus disappears
and the effect even becomes significantly positive. The impact on leisure surplus on the other hand is
reduced and becomes non-significant. For instance, when the expected number of arrivals is 1800, profits
are increased by 1.3% due to revenue management, while the impact on business and leisure passengers is
positive with their respective surplus increasing by 1.7% and 12%. The impact on leisure passengers is
non-significant. When the expected number of arrival is 400, revenue management increases both profits
and leisure consumer surplus by respectively 13.7% and 491%, and lowers business surplus by 14.5%.
Revenue management increases social welfare compared to a fixed price strategy for sufliciently high

intensities of demand (IE(arrival) > 1600) but has a more ambiguous impact for lower intensities as the
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Table 4.6.1: Profit and consumer surplus under revenue management
and a fixed price strategy for different market sizes and heterogeneous

consumers.
Avg.  Avg. Surplus Avg. Surplus
E(arrivals) Pricing p° Profit Business Leisure
400 Fixed 135/135 16202 152 14
RM 18421 130 86
Gain from RM 13.7%*  —14.5%* 49190**
600 Fixed 135/135 24333 226 22
RM 26841 207 99
Gain from RM 10.3%** —8.2%** 355 0%
800 Fixed 135/135 32502 304 30
RM 34763 286 95
Gain from RM 7.0%** —5.8%0** 220%**
1000 Fixed 135/135§ 40624 378 38
RM 42581 357 85
Gain from RM 4.8%* —5.5%"*% 127%**
1200 Fixed 148/136 48186 422 34
RM 49575 417 70
Gain from RM 2.9%*  —11%"*% 107%**
1400 Fixed 164/130 55655 472 35
RM 56680 461 53
Gain from RM 1.8%0** —2.3%* s1%**
1600 Fixed 182/140 62463 482 29
RM 63449 479 31
Gain from RM 1.6%** —0.6% 6.5%
1800 Fixed 199/154 68826 479 20
RM 69741 487 23
Gain from RM 1.3%** 1.7%** 12%
Significance levels: T: 10%;  *:5%; *%:1%
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increase in profit and leisure surplus comes at the expense of business passengers.

Table 4.6.2 gives us some intuition about why revenue management affects consumer surplus: for low
values of demand, revenue management actually decreases the load rates for business passengers to the
benefit of leisure passengers. Indeed, the shape of the arrival of the different types of consumers allows
the revenue manager to discriminate easily between them, i.e. to fill the train with leisure passengers at the
beginning of the booking period and to extract business surplus as much as possible when business
demand is high. Higher values of demand call for discrimination between the two trains, as shown by the
levels of the optimal fixed prices. The revenue manager wants to allocate leisure passengers to the off-peak
train. Revenue management makes this discriminatory process more efficient, which leads to higher load
rates, thus higher surplus.

Figures D.8.14 and D.8.15 of Appendix D.8.3 give us some additional evidence about the
discriminatory process. First, Figure D.8.14 shows how often each price of the choice set P is chosen for
each train. For each demand intensity, the revenue manager chooses several prices with positive
probability through the booking period, which illustrates intertemporal price discrimination. However,
for an expected number of arrivals inferior to 800, the distributions of chosen prices for the off-peak and
rush-hour trains are almost identical: second-order price discrimination is suboptimal in that case. For an
expected arrival greater than 1000, the distribution of prices for the rush-hour train slides to the right of
the distribution for the off-peak train: differentiation between the off-peak and the rush-hour train
becomes optimal when demand is sufficiently high, i.e. when resources (here sold seats) become limited.

Figure D.8.15 displays the dynamics of fares through the booking period and gives another evidence of
this mechanism. For [E(arrivals) = 600, i.e. for a small market, the probability that there remains some
empty seats in each train at the end of the booking period is almost one and prices evolve in an almost
completely deterministic way. Intertemporal price discrimination is only driven by the increasing arrival
of high-value consumers and posted prices are de facto independent of past sales. The increasing scale
shape of the price function comes from the revenue manager trying to extract the business surplus as the
arrival rate of business passengers increases.” For [E(arrivals) = 1800, the price curves are smooth and
have the classic revenue management shape, indicating that, as the number of available seats is probably

binding, posted prices are now non-monotonic functions of the previous sales.

°The smallirregularities in the shape of the off-peak train price functions are due to the two opposite incentives of the revenue
manager: as time goes by, business passengers are more frequent but filling the train also becomes more urgent.
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Table 4.6.2: Comparison of load rates between revenue management and a fixed price
strategy for different intensities of demand when consumers are heterogeneous.

Avg. Avg. Avg. Avg.
Load Rate Load Rate Load Rate Load Rate
Posted Rush-Hour Rush-Hour Off-Peak  Off-Peak
E(arrivals)  Pricing  Prices Train (B) Train (L)  Train (B)  Train (L)
400 Fixed 135/135 33% 4% 20% 3%
RM 29% 20% 18% 12%
A(load) —4%" 16%** —2%"* 10%**
600 Fixed 135/135 50% 7% 30% 4%
RM 46% 24% 28% 15%
A(load) —3%* 18%** —2 9% u%**
800 Fixed 135/135 66% 9% 40% 6%
RM 63% 24% 38% 16%
A(load) —3%** 15%0** —2%"* 10%0**
1000 Fixed 135/135§ 82% 11% 50% 7%
RM 75% 21% 51% 16%
A(load) —7%** 107%™ 0.8%0** 9%™*
1200 Fixed 148/136 89% 9% 63% 8%
RM 84% 14% 65% 18%
A(load) —s%** s+ 2% 1%**
1400 Fixed 164/130 91% 7% 80% 11%
RM 90% 8% 78% 17%
A(load) —0.5%™ 1% —290* s+
1600 Fixed 182/140 93% 4% 87% 10%
RM 94% 5% 86% 10%
A(load) 1%** 0.3%** —0.7%** 0.8%**
1800 Fixed 199/154 95% 3% 90% 7%
RM 96% 3% 91% 7%
A(load) 10 0.2%" 0.5%™* 0.1%
Significance levels: T: 10%;  *:5%; *%:1%
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47 REVENUE MANAGEMENT AND INTERMODAL COMPETITION

In this section, we test how competition affects revenue management practices. As transport industry is
the most likely economic sector featuring competition between revenue managers, we focus on the two

following cases of competition:

« Indirect competition — for instance Rail Vs. Road: Larger road infrastructures reduce driving costs
(either time or fuel consumption costs) and thus affect demand for trains. Since the building
decisions concerning these infrastructures are mainly political and have long-term impacts on the
market, strategic interactions between the revenue manager and the policy maker are non-existent
and we model this setup using a reduced-form approach. The level of competition in that case is
adjusted via the value of the outside option. We present this part of the analysis of competition in

Appendix D.s.

« Direct competition — for instance Rail Vs. Air: As both railway and airline industries use revenue
management and are substitutable for distances between 400 and 1000 kilometres, decisions of
both revenue managers are highly strategic and must be studied through a game-theoretic
approach. We use the concept of subgame-perfect Nash equilibrium to predict probable outcomes

of these repeated strategic interactions.

4.7.1 THE REVENUE MANAGEMENT GAME

Two revenue managers play a stochastic game with finite horizon. Each revenue manager proposes
homogeneous products, which can be thought of as tickets for a transport mode, e.g. a plane or train
ticket. However, we allow for heterogeneity between revenue managers. In the following, a type of
products i is associated with a revenue manager. In that case, —i denotes the products of the other revenue
manager.

We assume that consumers are not forward-looking and maximize their utility when making their
purchasing decision. We model demand using a multinomial logit approach. The utility of consumers is

therefore defined along the lines of section 4.3.3:

u(0)=v+ada —yp'+e" | forproductiat price p'.

(4.7.1)
ul = e , when the outside option is chosen.

We also assume that at any stage of the game the number of remaining units of each type of products is
common knowledge among revenue managers.

The game is defined by:
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« 2 revenue managers R and A, which respectively stand for railway and airline.
« The total capacities of both types of products: X = (X%, X*)'.
« The booking period of length T.

« Thestatespace X; € T X {o,..., X"} x {o,...,X*}, which represents any possible remaining
capacity X at any date ¢ of the booking process.

« At each period, each revenue manager proposes a price in P = {p', p’, +-00} fori = R, A, where p’
and p' respectively represent a low and a high price. When a revenue manager chooses 400, her
product is bought with zero probability. It is direct that for any action and state space, action
p' = +oofori = R, Ais dominated by posting a positive and finite price, unless X' = o. Indeed,
posting the high price yields the maximum possible profit with a positive probability regardless of
the competitor’s action. Conversely, a revenue manager cannot choose p' finite when X' = o. The
action p' chosen at each period by revenue manager i when X' # o is therefore any element of P or

any probability distribution over {p’, p'}

« The transition probabilities between states Pr; : X; X P+ X,_,, defined by:

S

D L il oy
Prt(X-lt—l =X —1,X_, =X |Xt7P) T @) a1,

,i=RAt=T,..., 1 (4.7.2)

Pr(Xi—, = Xi|X,, p) = S

« The gain functions ¢} at date t for each revenue manager i. These gain functions correspond to the
value functions in the monopolistic case. ¢} represents the profit of revenue manager i from date ¢

onwards if strategies (p, ).<; are played and remaining capacities are given by X:

9l(X, B) = A {Pr(X' — 1, XX, ) [ + ¢ _(X — 1, X", 5, 0)]
+ Pr(X, X =X, p)o|_ (X, X — 1,50}
+ 1= 2 + 1Pr(XIX, p)g), (X, pr)]
= 2 {Pr(X =1, X)X, p) [p' o, (X' —1, X, prs) =) (X, Prs) ]
+ Pr(X, X" —1X,p) [p)_, (X', X "—1,p0) — 9}, (X, per)] }
+o_ (X, prs) (4.7.3)
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Definition 7. A subgame-perfect equilibrium of this game is defined by:
« Consumers maximize their utility when making their purchasing decision.

« At each period, each revenue manager plays her best response against the action of the other revenue

manager.

The existence of such an equilibrium is a standard result. This game can be solved by backward
induction. Finding an subgame-perfect equilibrium of the game amounts to solving the following

Bellman equation fori = R, A:

ViX,p) = max ¢ (X, p'p7") (4.7.4)

in which ¢, is the gain function of player i at date t when a subgame-perfect equilibrium is played in the
continuation game at { — 1.
To deal with the multiplicity of equilibria and properly solve this game, we restrict our set of equilibria

at each continuation game in the following way:
« If only one equilibrium in pure strategies exists, it is played.
« If several equilibria in pure strategies exist, the one maximizing the joint payoft is played.

+ Ifno equilibrium in pure strategies exists, both revenue managers use mixed strategies.'’

4.7.2 COMPUTATION OF THE EQUILIBRIUM

The only difference between the algorithms used for the duopoly and the monopoly lies in the way we
compute the value function, as the action of one player is now influenced by the action of the other. We
use backward induction to solve for the equilibrium of this finite sequential game. In the last period, the
continuation values are zero and we compute the best response functions of all players.

If there exists a unique equilibrium in pure strategies, we can move up to the previous period using
equilibrium profits as continuation values. If there are multiple equilibria, we select one according to the
selection rule mentioned above. If only a mixed strategy equilibrium exists, we compute the mixing
probabilities using the formula in Appendix D.6.

The generation of consumers arrival and purchasing decisions is straightforward except that we also

draw a realization of the mixed strategies in the case of a mixed equilibrium.

!%For a derivation of a mixed equilibrium of the game, see Appendix D.6.
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4.7.3 MonNo-Propuct DuoroLy Vs. MULTI-PRODUCT MONOPOLY

To investigate the impact of competition between revenue managers, we compare profits and consumer
surpluses generated by a mono-product duopoly and a multi-product monopoly. By multi-product
monopoly, we mean a situation in which one revenue manager controls the prices of both types of
products. This allows us to isolate the impact of competition between revenue managers while preserving
the structure of the market. As explained in more details in Appendix D.7, given our consumer
preferences and multinomial logit approach, competition introduces a de facto horizontal differentiation
between products, even when they have identical characteristics. Compared to a mono-product duopoly,
a mono-product monopolist would therefore suppress this differentiation and reduce the total probability
of purchasing a product relative to the outside option.

In the following, we assume that a homogeneous population of consumers is indifferent between the
two types of products. Values of parameters used in this setup are summarized in Table D.2.1 of
Appendix D.2, column (4). The sets of prices from which the duopoly and monopoly can choose are
identical and equal to {40, 90}. Arrival rates belong to the following set: A € {0.2,0.3,0.4,0.5,0.7}."

Note that the only differentiation here between the products is horizontal and the total capacity for
each type is 200 units. Therefore, the profits generated by each revenue managers are perfectly equal. In
Table 4.7.1, we only report the profit of one firm and not the joint profits of the industry. However, in
addition to the consumer surplus generated by each firm, we choose to report the total consumer surplus
generated during the booking period. For the multi-product monopoly, we report the monopoly profit
and total consumer surplus.

Table 4.7.1 shows that, compared to the duopoly, the monopoly yields higher profits and reduces the
consumer surplus through lower load rates. As shown in the following section, higher monopoly prices

drive these results.

4.7.4 PRICE DiSPERSION AND COMPETITION

We study the impact of competition on price dispersion by comparing the average prices posted during
the booking period and their average standard deviation for a multi-product monopoly and a
mono-product duopoly. As we assume no vertical differentiation between products, results are perfectly
symmetric.

Table 4.7.2 shows that competition reduces the average prices posted by revenue managers. In the

"For arrival rates greater than 0.7, both means of transportation are full with probability one by the end of the booking period
and results are therefore similar to the case in whichA = o.7.
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Table 4.7.1: Profit, consumer surplus, and load rates for various intensities
of demand and revenue management pricing with P = {40, 90} in the mono-
product duopoly and multi-product monopoly.

Mono-product Multi-product
Duopoly Monopoly

Avg. Avg. Avg. Tot. Avg. Avg. Avg. Avg.
A Profit Surplus Surplus LoadRate Profit Surplus Load Rate
0.2 5829 191 522 73% 13516 188 38%
0.3 9021 236 679 99% 20360 281 57%
0.4 12929 166 589 99% 27063 375 75%
0.5 16638 111 523 99% 33649 475 94%
0.7 18000 91 497 100% 36000 497 100%

Note: The average profit, consumer surplus, and load rates for the duopoly correspond to
the profit, consumer surplus and load rates generated by one firm.

Table 4.7.2: Comparison of average prices and
their standard deviations between a multi-product
monopoly and a mono-product duopoly for different
intensities of demand.

Mono-Product Multi-Product
Duopoly Monopoly
Avg. Avg.
A Price Dispersion Price Dispersion
0.2 40 o 90 o
0.3 45.5 14.9 90 0
0.4 64.8 24.7 90 o]
0.5 84.2 13.7 90 o
0.7 90 o 90 o

114



monopoly, price dispersion is low as the revenue manager always posts the high price. In the duopoly,
when the arrival rate of consumers is intermediate, the revenue managers have incentives to switch
between the low and high prices, and price dispersion is high.

For extreme values of demand, consumers should expect a low price dispersion as the revenue

managers will only post either low prices or high ones.'?

4.8 STRATEGIC DECISIONS AND REVENUE MANAGEMENT

In this section, we explore to which extent revenue management can affect the strategic decisions of an
operations manager. In particular, as revenue managers base their pricing decisions considering the
number of unsold units, adjusting the total capacity can have an impact on the seller’s profits and the
consumer surplus. Hence, in a situation of competition between two revenue managers, such as the one

exposed in section 4.7.1, is there such a thing as an optimal capacity?

4.8.1 THE CAraciTY GAME IN THE MoNO-ProDUCT DUuoPOLY

Before competing against each other, firms using revenue management pricing may be able to choose
their capacity. In the transport industry, this might translate in choosing the size of planes that an airline
company affects to a given origin-destination leg.

As in section 4.7.1, we suppose that revenue managers maximize their profit for a given total capacity.
However, we consider an additional ex-ante stage during which two strategic decision makers choose
their capacity constraint among a fixed set of choices C = {100, 150, 200, 250}. Solving for the
equilibrium in the second stage of the game, i.e. the Revenue Management game, we get the payoff matrix
and corresponding average consumer surpluses presented in Table 4.8.1 for the capacity game.

Unsurprisingly, the matrix is symmetric. The unique static subgame-perfect Nash equilibrium of the
game is given by C* = (250, 250), i.e. both firms choose the highest possible capacity at equilibrium. This
static equilibrium yields a total consumer surplus of 826.

However, this equilibrium is not Pareto optimal since both firms would benefit from a similar increase
in their profit by playing C = (150, 150), i.e. by restraining the capacity.'® If firms were able to commit to

limit their capacity to 150 seats, they would be able to secure an increase in profits of 7.3%. This increase

12Note that part of these results are due to the coarse choice sets we chose. They might differ if we include the optimal fixed
price in the choice sets of the revenue managers.

3In fact, if we consider the repeated game, we can easily implement (150, 150) as an equilibrium, using the static Nash rever-
sion, as long as decision makers are moderately patient:

13.1 12.2
3 >142+86—— S 8§ > o.55
) 1— 38

1 —
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Table 4.8.1: First-stage payoffs and consumer surplus in the static duopolistic capac-

ity game.
Payoffs (x10?) Consumer surplus
‘ 100 150 200 250 ‘ ‘100 150 200 250
100 | 9/9 9/13.4 9/14.8 9/15.1 100 | 250 307 385 483

150 | 13.4/9 13.1/13.1 12.5/13.9 11.6/14.2 150 | 309 380 476 5§79
200 | 14.8/9 13.9/12.5 12.9/12.8 11.9/13.2 200 | 382 473 591 698
250 | 15.1/9 14.2/11.6 13.2/11.8 12.2/12.2 250 | 481 582 695 826

Note: The figures presented here are averaged across soo simulations of the revenue management

game with a price set P = {40,90} and 1 = o0.4.

in profits is driven by a decrease in the importance of the time constraint relative to the capacity

constraint. This leads to a lower opportunity cost of posting a high price and selling units more slowly.

4.8.2 COMPARISON WITH THE MULTI-PRODUCT MONOPOLY

We now compare this result to the case in which the revenue manager is in a situation of monopoly and
prior to the booking period chooses the capacity constraints over her two types of products. To make the
comparison clear, we choose the case of a multi-product monopoly and no vertical differentiation

between the two types. The results are presented in Table 4.8.2.

Table 4.8.2: First stage payoffs and consumer surplus in the static
monopolistic capacity game.

Payoffs (x10?) Consumer surplus
100 150 200 250 ‘ ‘ 100 150 200 250
100 18  22.4 23.8 24.1 100 | 251 309 386 480
150 | 22.4 26.3 26.8 26.8 150 | 310 370 398 403
200 | 23.8 26.8 27 27.1 200 | 385 398 378 378
250 | 24.1 26.8 27.1 27 250 | 482 405 375 378

Note: The figures presented here are averaged across 1000 simulations with a

price set P = {40,90} and 1 = o0.4.

Compared to the duopoly, the situation in which the capacities on both types of products are at their

In that case, the consumer surplus strongly decreases and is equal to 380. However, this story of tacit collusion falls beyond
the scope of our paper.
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maximum is no longer necessarily played. As long as at least 200 units of each type are available, profits
are maximized.'* Taking the example of transports and assuming that proposing larger trains involves
larger fixed costs, the monopoly chooses to restrict the capacity.

We find an increase of 11% in overall profits compared to the duopoly. Consumer surplus on the other
hand is less than half the consumer surplus when there is competition between revenue managers. Even in
the case of collusion on the proposed capacity, the joint profit and consumer surplus would be similar to
the ones under the monopoly, but for a reduced capacity. The welfare effects on competition between

revenue managers are therefore positive.

4.9 CONCLUSION

Revenue management is the main pricing practice in the transport industry and as such, its impact on
welfare deserves to be studied. Revenue management in itself has a number of properties which affect
profits and consumer surplus compared to other pricing strategies. By offering more leeway to the seller in
her choice set, it weakly increases profits compared to an optimal fixed price strategy. We also show in our
computations that revenue management as an intertemporal price discrimination practice is only useful
when there is a sufficiently high probability that profits are constrained by the number of available units.
In this case, revenue management implies a higher consumer surplus compared to a situation in which
only the optimal fixed price is posted. Such an increase comes from higher load rates and weakly lower
average prices under revenue management. Coming back to transports, revenue management can
increase welfare because more potential passengers can afford to travel. Revenue management is also a
useful way to optimally respond to demand without actually having to optimize profits over the proposed
set of prices. Even using a coarse set of prices to choose from and for different intensities of demand, the
revenue manager succeeds in achieving at least as well as an optimal fixed price.

Applying our methodology to heterogeneous consumers, we are able to shed some light on the
controversial issue of the fairness of revenue management practices. We find that for high values of
demand, revenue management benefits all types of consumers. When demand is low, consumers with low
price elasticities subsidize the ones with high price elasticities. Applied to transports, when demand is
high, revenue management allows leisure passengers to buy cheap tickets without hurting business
passengers. But, when demand is low, business passengers no longer benefit from the relatively lower
prices they would pay under a fixed price policy.

In the second part of the paper, we study competition between revenue managers and find classic

results: compared to a multi-product monopoly, revenue management in a mono-product duopoly lowers

“The differences in the last two rows and columns of Table 4.8.2 are not significant.
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the average price and increases consumer surplus through higher load rates.

We also consider a setup in which revenue managers can choose their total capacity before competing
against each other. We find that compared to the monopolistic case, competition between revenue
managers does not reduce by much the joint profit of the industry but allows consumer surplus to be

twice as high.
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Appendix — Chapter 1

A.1  MICRO-FOUNDATIONS FOR THE PRECISION OF THE AGGREGATE SIGNAL T

Let us focus on the case of an experience good. The state of the world here is the quality of the product.
Suppose the expert sends her recommendation to N potential consumers or agents. Each of the N agents
is defined by an idiosyncratic taste € ~ U [o, 1]. They observe the recommendation of the expert and their
own taste to decide whether or not to purchase the product.

Agents derives their utility from their own experience when they consume the product. As the expert,
this experience is modelled as a private noisy signal. The precision of the agents’ signal is denoted
I* e (i, 1] . As this precision is greater than 2, agents have a higher chance to get a good experience when
they consume a high quality product than when they consume a low quality product. Ex-ante, they prefer
to consume products with the higher expected quality. A potential consumer decides to purchase if her
expected utility, is greater than the price normalized to 1:

E(u) = I’p(6,|message) + (1 — I)p(8,|message) + ¢ = I*(2p(6,|message) — 1) + 1+ > 1

Suppose that n agents out of the N potential consumers purchase the product. Clearly [E(n) increases
with the prior on the high state, p(6,|message).

The n agents then individually experience the product. They have an experience corresponding to the
true state of the world with probability I*. We assume that all agents in the pool share their experience
with the others. If n is large, it is easy to get a good idea about the true quality. If the agents have an
experience corresponding to the true quality with probability 0.7 and out of 1000 agents who purchased
the product, 700 had a good experience, one can be fairly certain than the quality was high. But if only 1
agent had purchased the same product, this agent would have had a 30% probability to get a bad
experience. Her only report would not have permit to be definite about the quality of the product.

Overall, in this example, a higher updated prior on the high state of the world implies a greater number
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of agents who observe a signal on this state of the world, and in turn create a more precise aggregate signal,
which justify our assumption that 7(v,) is increasing.

A.2  PROOF OF PROPOSITION 2

Let us first rewrite the characterization of the incentive compatible set. To simplify notations, we omit ¢
and tin p*(0s;, 5, t, t):

(9\5,, i) > p( —ilsii5=:)

<:>p(Xi|5i;§i)p(éi|Xiugi> +P(X—i|5iagi)P(éi|X—i7§i) >
p(Xilsi, 5_i)p(0—i| X, 5-;) + p(X_ilsi, 5—i)p(0—i| X_i,5-0)

—~

v(5:))] p(8:/%i,5) +
) p(BIX_5) =
Jp(Bsi. ) + 1= 7(v(5-))] p(O-i]Xi,5-) +
1= 27(v(s-:)))p(6ifsi, 1) + (( ENIFICH Sy

& [(r(v(s)) = )p(6ilsit) +1—7
(1 =27 (v(5)))p(6i]si, 1) + ( (s;
[(
[(

-

Sp(Bilsit) {r(v() — 1] (p(BiIX;, 5:) — p(6:]X_1,5)) +
[21(v(5_)) — 1] (p(é_,-]X_i,E_,-) - _,]X,,s } >
(1= 7(v(5-)))p(B-i|X;, 5 ')+T(V( ) I SR e
(1 = 7(v(3)))p(8:1X.,5) — T(v(5:))p(Bi| X, 5)

The right-hand side does not depend on the true ability  of the expert and the expression between
brackets in the left-hand side is positive and does not depend on the true ability either. Hence, the
inequality is more slack when p(0;[s;, ) increases. Therefore, if the incentive compatible condition is
satisfied for an ability | < h, it is also satisfied for h.

A.3 PROOF OF PROPOSITION 3

The proof for y, € IC;;is direct for both types. For y € [0, 1] \ IC;3, we first prove the result for y, > g,
when t = |, then move to t = h. The result’s proof when y < g is similar. This proofis a generalization of
Ottaviani and Serensen [41].

Let us introduce some notations which will simplify the demonstration. We denote ¢ the strategy
described in the Proposition 3. According to 7, for 4, > p,, the low type expert truthfully reveals s, and
randomizes after receiving s,. We denote § = p(m,|s,). We want to prove £ exists and belongs to (o, 1). If
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the low type expert randomizes after receiving s,, it must be that:
p(h|mo>5'7sovl) :p<h|mu&aso>l> (A.3.1)
where:

p(hlm, a,s,,1) = Z p(Xilso, 1) Z p(h)m;p(6;|Xi,m, o)

i€{o,1} j€{o,1}
In the previous expression:

hp(h) . N
hp(h5v+§lp(l) if (m,j) = (o0, 0)

(1—h)p(h) . N
()£ 0) if (m, j) = (0,1)

p(h>m7}' = p(h‘m) 5" 6}) = bolh) (A.3.2)

I () = (u1)

(1—h)p(h) - N —
\ Tt apn i (m)) = (10)

Since in equilibrium, the agents correctly forecast the expert’s strategy, Equation A.3.1 can be rewritten:

p<h)1,1pe(9f’507 l’ My, &) + p(h)l,o(l - pe(9f|so, l? my, &))
:p(h)0,0p6(92’507 Z7 mOJ 5’) + p(h)071<1 - pe<9‘;|507 Z7 m07 5’)) (A'3'3)

« When § = 1,ie. when the low type is always truthtelling, using Equations A.3.2, we get:
p(h).y = p(h)oo > p(h)os = p(h).0. Also, p*(8|X, m, &) = p*(0]X, m, o), hence:

p(°ls, 1, m, o) = p(X.[s, D)p* (6], 5) + p(Xols, D)p* (6] X, 5)
where, as before, s = m N ¢”. Since, y, ¢ IC;, and y, > §i , necessarily:

p(Xifso, 1) [p(6:1%0,5,) — p(8o|Xi,50)] >
P(Xolso, 1) [p(06]Xo, 56) — p(60,1X0,5,)]
Sp’(0,s0, L, my, 0) > p*(6o]s0, 1, mo, 7)
Therefore p(h|m,, 7, s,,1) < p(h|m,, 7,s,,1) for § = 1.
« When § = o (i.e. the low type always sends m,), p(h),, = p(h)o,, = 150 p(h|m,, &, s,,1) = 1and
p(h).., p(h).o < 1(unless p(h) = 1), therefore p(h|m,, 7,5,,1) < 1.

Since p(h|m,, 7, s0,1) < p(h|m,, 7,s,,1) and p(h|m,, 7, s,,1) > p(h|m,, 7, s, 1) are not consistent at
equilibrium with respectively £ = 1and £ = o, by continuity of p(h|m, 7, s, ) in &, there must exist
£ € (o,1) such that p(h|m,, @, s,,1) = p(h|m,, 7,5, ).
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We now need to check that it is optimal for the high type to follow 0, i.e. to be truthtelling. Using
Equation A.3.3, we have:

(p(h)s, — p(h).0)p° (0[50, 1, my, @) + p(h)io
:(p(h)O,o - p(h)o,l)Pe<9g|sov 1, m, 5') + P(h>o,1

Since p(h),, > p(h),,and p(h)o. > p(h),,, to prove the result, we only need to show:

p(0lso, b, myy 0) < p?(6]]so, L, m,, 0)
(0550, b, mo, &) > p*(65so, 1, mo, 0)

Checking it is easy as p(0,|so, h) > p(8o|so, 1)-

A.4 GENERALIZATION OF THE RESULTS

Lemma s illustrates how the relative impact of the expert’s message on the final posterior decreases with
the precision of the aggregate signal.

Lemma s. Foralli,s, s, t,t and for all functions 7 : [0,1] — [1/2,1], there exists a function a*(.) such that:

p%@f’@s,;, E) = (1 - aE(T))vi(gv E) + ag(T)pe(ei";?i)

od°
s > o.

Moreover, a*(1/2) = o, a*(1) =1, and

Proof. We have to show that p?(07[3,s) = (1 — a(7))p®(6,[3) + a(7)p®(6i|s) with a increasing in 7 and
a(1/2) =o,a(1) = 1.

First, let us rewrite p°(67 s, s) as a weighted average of p*(6;s) and p*(6;|s). To save space we replace
7(v,(5,1)) by 7:
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pe(9?|§7 s) :Pe(Xi|§a 5)Pa(9i|§7 X;) +pe(xi\§, S)Pa(9i|§> X))

—[ep(6]s) + (1 — D)p(0_]5)] p*(B)5. X)
T [ (0-ils) + (1 — D) (B)9)] p° (615, X_)

=p*(8ils) (27 — 1) [p*(6:]5, X;) — p* (845, X_1)]
+ (1 — 1)p*(6:]3, X;) + 1p°(6:]3, X_;)

e [#@E (e
=0l ){wmm 1ﬂXﬁ>]

PR - 7|

w@m*w@%ﬂ

ol P OB [~ (=)
O e
+Pu(9i|§)7<1 _ T) |:pa(Xi|§) +pa(Xi|§>:|

P (Xi[s)p* (X45)

(1 — 1)

ol PO
ey PRP O

P (Xi[s)p*(X-il5)

where p*(X;|s) = tp(6i[5) + (1 — 7)p(0_i]3).

3 2 p?(0:i]5)p* (0|5
We now pose a*(7) = (27 — 1) %.
To complete the proof, we need to show:

+p"(6:5)

— (7)) = —=(=7)
@) 1= a0 = ey
(b) a*(1/2) = oanda’(1) =1
© % >0
(a) is equivalent to proving:
(27 = 1) (Bis)p"(6-if5) = p*(Xifs)p* (Xifs) — +(2 —7)

which is indeed the case:
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p*(0-ifs) [7* + (1 = 7)7]
9|) +1—2p (9|)—1]+P( )P (0-f5) [7* + (1 = 7)’]
1 p*(0l3)p" (0i[$)] + p*(8:[s)p* (0-if3) [7* + (x — 7)°]
=p (9i|3)p“(9 :IS) r—G-7)f

(b) Directas a*(1/2) = o = (1 — &')(1).
(c)

N
&
—~ =

Salor — )P (X" (X_) — (a7 — l)zapa(x’%f(xf'g) >

— (27— )(2p*(65) — 1) [(a7 — 1)1 — p(0)5)) + (1 — 27)p (03] > o
" (X119 + (27 — 1) (ap"(0F) — 1)* > o

The incentive compatibility condition for s; is then equivalent to:
(1= a(7))ni(5) + o (z)p (Bilss) = (1 — " (75,)Jvi(5-) + o™ (75 )p*(6-ils:) (A1)

A.4.1 EXTENSION OF THE RESULTS WITH UNKNOWN ABILITY

In this section, we focus on the case in which the expert and agents share the same information about the
ability of the expert, i.e.:

t=1t=hp(h) +Ip(l)

In that case, the asymmetry of information consists solely on the private signal received by the expert.
Hence, if the expert decides to truthfully reveal this private signal, the asymmetry of information is lifted
and the private posterior of the expert is equal to the updated prior of the agents:

vi(giy %) = pe<9i|5i, E) (A42)
The incentive compatibility condition given by equation A.4.1 now simplifies to:
prBils) > (1= o (7,))voi(5-0) + o (7, )pf(0-ils) (A4.3)

The first thing that we can point out is that, in this setting, it is never optimal for the expert to lie and
announce m_; when she has received s; and p(6;) > 1/2. Indeed, p(6;) > 1/2 = p*(0ils;) > p*(6_ilsi)
anda sufﬁaent condition for equation A.4.3 to be satisfied is p*(6;]s;) > v_;(5_;), which is also satisfied
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when p(6;) > 1/2. In other terms, when the expert receives a message confirming her expectations about
the state of the world, she is better off by telling the truth. This also means that the prior y, = 1/2 always
belongs to the incentive compatibility set.

When the expert does not know her type, the truthful revelation set is equal to the incentive
compatible set.

Proof of Proposition 5

Proof. It suffices to notice that the left-hand side of equation A.4.3 is invariant with 7, but that the
right-hand side when using the function 7, is greater than when using the function 7,. Indeed, since a(.)*
is increasing:

p(0-is=) > p(6_ils;) = a*(.(x)) [p(0—i[s) — p(6—i[s-)] > a"(7.(x)) [p(O—i[s;) — p(O_i[s-)].
Hence, by transitivity, if y € IC; ., theny € IG; .. [

To show the result on the barrier to entry effect, we first prove the following Lemma:
Lemma 6. a'(7) > a°(7) &y, < 2

Proof. Recall that:

3 , p(0i[3)p(0_]s)
d(T) == (27—1) ){|~—
Hence:

a'(r) —a’(r) > o
S p(0:[5.)p(0-i[.)p (X[ )p (X_i[So) > p(6i[o)p(0—ilSe)p(Xi[s,)p(X_i5,)
Sp(0i[s,)p(0-i[s.) (p(0:56)* + p(0—if50)*) > p(6ifso)p(0-i[s5) (p(0:f5.)* + p(0—if5.)*)
< (p(8if5)p(0:50) — p(0-ifs.)p(0-i[5.)) (p(6-i[3.)p(6:50) — p(6:[5.)p(0—if55)) > o

where the second equivalence is obtained using: p(X[s) = p(X|6;)p(6]3) + p(X|0_;)p(0_;[3).
Then it suffices to notice that:

« p(6i[5.)p(6if5,) — p(0-i[5.)p(0-i[55) > 0 < p(8ifs,) > p(8-i[5.) &, > 1
« p(0-i[5)p(6i]ss) — p(6:[5,)p(6-i[50) > 0 < p(6:f5,) > p(8ifs) & i=o
]

Proposition 12 (Barrier to entry). If 7 is a strictly increasing function, the expert has less incentives to reveal
s, than s,

Proof. We need to show that for an equal value of the private posterior p*(6,|s,) = p°(6,]s,), condition
A.4.3 is more easily met for i = o than fori = 1.

p°(6o]50) = p°(6,]s,) is equivalent to saying that the priors y_ and y_have an equal value. We have seen
that if this value is above 1/2, the incentive compatibility condition is met in both cases and the proofis
over.
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Suppose now that this value is under 1/2. We first suppose the condition is met for s = 1, meaning:

p(Bifs,) = a®(zo)p(0als) + (1 = a°(70))p(6s]so)
> a2, [p(6s]s)) — p(Bolso)] + p(6s]so)
> a;, [p(6s]s)) — p(Bolso)] + p(6s]so)
>, [p(0ls.) — p(Bo]so)] + p(0olso) (A4.4)

where the second inequality stems from p(6,[s,) < p(6,s,) and Lemma 6 which states that
a'(1) > a°(1) < y, < . The last inequality comes from the monotonicity of a*(.).

We now turn to the symmetric case p*(6,|s,) = p°(6.s,) (which also implies p(6,]s,) = p*(6,|s,)) and
inequality A.4.4 implies that the incentive compatibility condition is met for s = o. ]

Let us denote y and g, respectively the infimum and the supremum of IC; .. It is easy to show that

u, < 1/2 <, Itisalso possible to show that IC; , is a compact set and can therefore be rewritten [y , Fl} .

Proposition 13 (Guru effect). Take 7(.) increasing such that t(o) = 1/2 and t(1) = 1. Then,

lim_,, p = 2.

Proof. For the first part of the proof, let us consider equation A.4.3 when i = 1. The left hand side is equal
to p*(6,s,) and the right hand side converges to p*(6,|s,) when t goes to 1. But forall g < 1/2,

p°(0,s,) > p°(6.]s,) and the incentive compatible condition on this range is not satisfied when f goes to

1. As y = 1/2 always belongs to the incentive compatibility set, we deduce lim; ,, g = 2. [

2
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Appendix — Chapter 2

Appendix B.1 provides the proofs of the propositions in Section 2.3. Appendix B.2 details the estimation
strategy in the presence of conflicts of interest. Appendix B.3 gives a deeper description of our dataset.
Finally, Appendix B.4 completes the exposition of our results with the exhaustive list of estimates for the
reviewer-specific parameters.

B.1 PROOFS OF THE PROPOSITIONS

B.1.1 PROOF OF PROPOSITION 6

We need to characterize the experts’ incentive to be truthtelling when the market thinks she is. Therefore,
we assume in this proof that the belief of the market on the strategy of the expert is ¢ = ¢”. Given this, an
expert sending a recommendation r; is perceived by the consumers as having private information s;. The
truthtelling incentive is satisfied as long as revealing s; yields a higher expected utility:

Ef(u(t)]si, si,t) > Eq(u(t)]s;,5-i,t)

o / w(B)dE(Hs, 5 1) > / w(B)dE(Is; 51, £) (B.11)

in which F([s;, 5, t) is the expert’s expectation of her reputation update by consumers after sending a
recommendation r = s.
Denoting f the density associated to F, we get:

Sl 5, £) = f(E, 0)p° (Bl 5. £ D) + T, 0_)p* (05,5 £, D)

In this equation, p*(0)s;, 3, t, IE(?)) is the expert’s expectation on the consumers’ belief on the state of
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the world at the end of the game. Notice that this expectation does not depend on the whole prior belief
on the experts ability f(f) but only on its first moment [E(#). Indeed, (f) only affect p*(0|s;, 5, t) through

the consumers’ intermediate posterior after observing the recommendation of the expert:
(03) = — E(Bp(6:)
PAYilsi) = B@p@) +a-E@p0—) " _
The reputation conditional on s and 6; is updated as follows:

115, 6,) = pGEI0DfEHO) (D)

[T pGlepf@end  E®

fEE—, 8) = L=

Substituting these expressions in inequality B.1.1 yields:

[ e (tf(t) _ (l_t)f@) [0 (8550 £ (D) — p° (Ol 5, £, ED)] d > o

E(t) 1—E(@)
aeaLLLL Eg?ti(ffg@‘) W) / (- B) B > o

= pe(é,‘|5i, gia t, E(Z’)) — pe(é_,‘|5,‘, g_,‘, t, E(E)) Z [¢]

in which the second inequality follows from u(t) = t and the last one is given by:

t) >o

/t " () fd / - B / i = BE) — B
B.1.2 PRrRoOOF oF COROLLARY 6

When 7(v) = 1Vv, p*(8]s,5, t, E(£)) = p(6]s, t), therefore the characterization is equivalent to
p(Oilsi,t) > p(0_ifsi,t) & u € 1 —t, 1.
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B.1.3 PROOF OF PROPOSITION 7

Let us first rewrite the characterization of the incentive compatibility condition. To simplify notations, we
omit tand E(t) in p*(0,s;, 5, t, E(£)):

Pe(éi|5i7 gi) > pe(é7i|5i; g—i)

Sp(Xilsi, 5)p(6:1X;, %) + p(Xilsi, 5)p(6:|X_1,5) >
p(Xisi, 5-)p (0], 52) + p(X_ilsi, 5-)p(0-i[X_i,5-)
& 27(( ) Vp(6ifsi, £) +1— 7(v(:))] p(6:[X,5)+
6ilsi, t) + T(v())] p(B|X ;.5 )
— )p(Oifsi, ) +1— 7(v(3-))] p(6i1X;, 5+
p(8ifsi, 1) + T(v(3-1))] p(64[X_i,5)

Sp(6isi, t) {[27(v(5)) — 1] (p(6:]X;, 5) — p(Bi]X_;,5)) +
pr(v(-)) — 1 (p(6 _,-]X_,-, ) = p(6-i|Xi,5)) ) >
+ ()0 Xi,5) -
(1—z(v Ei)))p(é,\Xi,Ei) 7(v(5))p (81X, )

Noticing that the right-hand side does not depend on the true ability of the reviewer, and that the
expression between brackets in the left-hand side is positive and does not depend on the true ability, we
get that the inequality is more slack when p(;]s;, t) increases. Therefore, if the incentive compatibility is
satisfied for a true ability t* < #, it is also satisfied for ¢

B.2 IDENTIFICATION AND ESTIMATION STRATEGY OF THE MODEL WITH POTENTIAL CON-
FLICTS OF INTEREST

As highlighted in DellaVigna and Hermle [ 15], potential conflicts of interest could arise in movie reviews
if the reviewer’s newspaper and the movie’s production company belong to the same media outlet. An
example would be a movie released by the 20 Century Fox reviewed in the New York Post, both
members of the media outlet Newscorp. We detail all possible conflicts of interest in the data section.

We include these conflict of interest in our structural estimation by modelling the behavior of the
movie reviewer facing a movie from her own media outlet. We denote b° her bias caused by the conflict of
interest and say that b° = p(r,|r,) in which 7, is the recommendation the reviewer would have sent in the
absence of any conflict of interest. This is therefore equivalent to an alternative model in which the movie
reviewer plays the game as described in the main theoretical model but switches her recommendation
with probability b¢ if she were to send a negative reccommendation concerning a movie from her media
outlet.
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The identification and estimation strategies are similar to those for the main model except for the
reduced-form conditional grading probabilities, which change in the following way in case of a conflict of

interest:

Table B.2.1: Probabilities of giving a good review conditional on the true state of the world and on

the prior in the case of a conflict of interest.

Prior Vi Vio

U< =t +thi—b+b7b) t°+(a—t)(1—b +b 1)
u € [&,E] t+ (1 — )b (1—t) +tb°

Y > t+(@—t)bT+ @ —=bM)b) (1—t)+tbT+ (1 —b")b)

We estimate this model by maximizing the following maximum likelihood:

- Cc 1 c 1—71; CX’ ti 1—7; l_Cij
(o > log [u(wj;ﬁ) H{ (=) (= 7)) }
tiv,‘ LR Bl (PR ] i=1

+ - slo T (0= 707)" (- y))}]

1=1

st.t € [i,l} , bbb € o,1],8 >0 (B.2.1)
2

In this likelihood, C;; is a dummy variable taking value 1 if there is a potential conflict of interest
between movie reviewer i for movie j. y{, and 7, , in this expression are taken from Tables B.2.1 and 2.4.1,
their value depending on the prior. For instance, if y(w;; f) < ? (E(t;]w;; §)), the expressions for 7ipand
7, are taken in the first line of Tables B.2.1 and 2.4.1. Notice also that we do not estimate an impact of

contflicts of interest which is specific to reviewers because of a lack of observations.

B.3 DESCRIPTION OF THE DATA

Table B.3.1: Variables used in our estimations, their source, and description.

Variable Description Source

Title Title of the movie

Director Name of the movie’s director

Year Year of release of the movie in the USA www.imdb.com
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Variable

Description

Source

Tij

Reviewer
Newspaper

Date of

the review
Number of
previously
directed films

Budget

Box-Office US
USA

Coproduction
USA
Genre

G, PG, PG-

13, R, NC-17
Remake
Sequel

Google Search
Index

Production
Company

The recommendation or review given by
movie reviewer i to movie j, either 1 (fresh)
oro (rotten)

Name of the author of the review

Name of the medium in which the review is
published, which is not necessarily a
newspaper

Number of previous films by the

director. In the case of several directors

for one movie, the sum of the number

of previous films.

The estimated production budget of a
movie in 2013’s US dollars. We used
historical data on exchange rates for
non-US movies and the Consumer Price
Index (CPI-U) data provided by the U.S.
Department of Labor Bureau of Labor
Statistic to take into account inflation.
Gross Profit in the USA, expressed in
2013’s US dollars

Dummy equal to 1 if the movie is produced
in the USA only.

Dummy equal to 1 if the movie is produced
in the USA and at least another country.

A proxy for the type of the movie (e.g.
action, thriller, documentary)

MPAA rating of the movie

Dummy equal to 1 if the movie is a remake.
Dummy equal to 1 if the movie is a sequel.
Index taking a value 100 the month Peter
Travers, our benchmark reviewer, got the
most searches of his name on Google. All
other values are computed related to this
reference point. Note that these values are
updated each day. We collected our data
on reputation on May 6th, 2013.

Main production company of the movie, in
general the distributor

www.rottentomatoes.com

www.rottentomatoes.com
www.rottentomatoes.com
www.rottentomatoes.com

www.imdb.com

www.imdb.com

www.imdb.com
www.imdb.com
www.imdb.com
www.imdb.com
www.imdb.com
www.imdb.com

www.imdb.com
www.google.com/trends

www.metacritic.com,
www.rottentomatoes.com
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Variable Description Source

Contflict of Dummy equal to 1 if Newspaper and DellaVigna and Hermle [15],
Interest Production Company belong to the same ~ www.wikipedia.com

media outlet
Format Format of the medium through which the  www.awikipedia.com

review is published (e.g. newspaper,

magazine, tabloid)

Content Content of the medium through which the ~ www.wikipedia.com
review is published (e.g. news, culture,
cinema)

Target Commercial target of the medium through ~ www.wikipedia.com

which the review is published, i.e. whether
itis designed for a general audience or.
professionals.

Table B.3.2: Movie reviewers included in the empirical analysis along with their number of reviews in
our sample, their average Google Search index through the sampling period, and the media through
which they published.

Reviewer’s Name Total # Avg. Media
Reviews Google

Search
index
Ann Hornaday 857 0.88 Washington Post
Ao Scott 1,235 6 At the Movies, New York Times
Carrie Rickey 1,020 0.045  Philadelphia Inquirer
Claudia Puig 1,469 0.67 USA Today
Colin Covert 1,435 0.1 Chicago Tribune, Minneapolis Star
Tribune
David Edelstein 1,029 11.15  NPR, New York Magazine, Slate
Desson Thomson 1,266 o Washington Post
Elizabeth Weitzman 997 0.09 New York Daily News
James Berardinelli 2,858 26.36  Reelviews
Joe Baltake 904 o Passionate Moviegoer, Sacramento Bee
Kenneth Turan 1,124 3.89 Los Angeles Times, Newsday
Kirk Honeycutt 1,163 0.009  Hollywood Reporter
Kyle Smith 1,010 40.41  New york Post
Liam Lacey 998 0.2 Globe and Mail
Lisa Schwarzbaum 1,633 0.5 Entertainment Weekly
Lou Lumenick 1,723 0.63 New York Post
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Reviewer’s Name Total # Avg. Media
Reviews Google
Search
index
Michael Phillips 1,157 72.62 At the Movies, Chicago Tribune
Mick Lasalle 1,579 2.62 Houston Chronicle, San Francisco
Chronicle
Moira Macdonald 1,415 0.18 Seattle Times
Owen Gleiberman 1,971 0.79 CNN.com, Entertainment Weekly
Peter Howell 1,260 9.75 Toronto Star
Peter Travers 1,879 23.24  Rolling Stone
Rex Reed 940 18.125 New York Observer
Richard Roeper 1,736 35.31  Chicago Sun-Times, Ebert & Roeper,
Richard Roeper.com
Robert Denerstein 946 o Denver Rocky Mountain
Roger Ebert 3,277 1100  Chicago Sun-Times, Denver Post, Detroit
News, Ebert & Roeper
Stephanie Zacharek 944 1.21 CNN.com, Film.com, Los Angeles Times,
NPR, Salon.com, Village Voice
Stephen Holden 1,050 5.17 New York Times
Stephen Whitty 1,403 0 Newark Star-Ledger
Steven Rea 1,232 1.18  Philadelphia Inquirer
Terry Lawson 1,193 3.34 Detroit Free Press, Miami Herald
Todd Mccarthy 903 3.125  Hollywood Reporter, Variety, indieWire
Ty Burr 1,313 1.375  Boston Globe, Dallas Morning News,
Entertainment Weekly
Unknown Reviewer 2,142 o) Time Out (40%)
Wesley Morris 1,217 3.49 Boston Globe
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Table B.3.3: Potential Conflicts of Interest

Media Production Years of Concerned #
Outlet Companies Media Interactions Reviewers Observations
News Corp. 20th Century Fox, Fox =~ New York Post 1993-2013 Kyle Smith 56
Searchlight Pictures Lou Lumenick 74
Time Warner Warner Bros Pictures, Entertainment 1990-2013 Lisa Schwarzbaum 88
Picturehouse, HBO Weekly Owen Gleiberman 102
Unknown Reviewer 3
TIME Magazine  1990-2013  Unknown Reviewer 1
New Line Entertainment 1996-2010  Lisa Schwarzbaum 18
Weekly Owen Gleiberman 31
TIME Magazine  1996-2010  Unknown Reviewer 1
Fine Line Entertainment 1996-2013  Lisa Schwarzbaum 4
Features Weekly Owen Gleiberman 3
Disney Walt Disney Pictures, At the Movies 2007-2010 Ao Scott 5
Media Group Buena Vista Michael Phillips 1
Ebert & Roeper  2007-2013 Richard Roeper 40
Miramax At the Movies 2007-2010 Ao Scott 2
Michael Phillips 1
Ebert & Roeper  2007-2010 Richard Roeper 22




B.4 ApbDITIONAL TABLES
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Table B.4.1: ML estimates for reviewer-specific parameters — Specification (II) includes the budget
and conflicts of interest

@

(11)

t b~ bt t b bt

Reviewer's Name  Coeff. SE  Coeff. SE  Coeff. SE Coeff. SE Coeff. SE Coeff. SE
Ann Hornaday 0.781 (0.021) 0.027 (0.045) 0.094 (0.047) 0.785 (0.029) 0.082 (0.059) 0.143 (0.063)
Ao Scott 0.758 (0.017) o0.001 (0.034) 0.175 (0.051) o0.741 (0.024) 0.032 (0.051) 0.089 (0.056)
Carrie Rickey 0.784 (0.015) 0.000 (0.000) 0.367 (0.066) 0.767 (0.027) 0.000 (0.015) 0.349 (0.062)
Claudia Puig 0.822 (0.006) 0.073 (0.038) 0.195 (0.041) 0.833 (0.018) o0.124 (0.047) o0.140 (0.041)
Colin Covert 0.765 (0.009) 0.002 (0.000) 0.184 (0.043) 0.773 (0.018) o0.002 (0.001) 0.235 (0.050)
David Edelstein 0.769 (0.014) 0.001 (0.030) 0.250 (0.055) 0.773 (0.025) 0.062 (0.044) 0.223 (0.057)
Desson Thomson 0.821 (0.023) 0.188 (0.072) 0.001 (0.028) 0.819 (0.029) 0.155 (0.083) 0.001 (0.031)
Elizabeth Weitzman 0.804 (0.015) 0.024 (0.051) 0.065 (0.041) 0.815 (0.024) 0.081 (0.061) 0.075 (0.047)
James Berardinelli  0.768 (0.011) o0.155 (0.040) o.110 (0.030) 0.772 (0.019) 0.172 (0.043) 0.077 (0.046)
Joe Baltake 0.657 (0.043) 0.000 (0.000) 0.432 (0.090) 0.663 (0.052) o0.000 (0.004) o0.510 (0.101)
Kenneth Turan 0.789 (0.017) 0.007 (0.035) 0.233 (0.060) 0.758 (0.033) 0.030 (0.046) 0.217 (0.086)
Kirk Honeycutt 0.734 (0.014) 0.029 (0.044) 0.095 (0.051) 0.734 (0.026) 0.039 (0.044) 0.045 (0.048)
Kyle Smith 0.619 (0.015) 0.345 (0.047) 0.000 (0.000) 0.654 (0.026) 0.360 (0.065) 0.000 (0.000)
Liam Lacey 0.790 (0.026) 0.406 (0.055) 0.004 (0.000) 0.794 (0.029) 0.439 (0.065) 0.004 (0.006)
Lisa Schwarzbaum 0.823 (0.009) 0.000 (0.030) 0.164 (0.056) 0.823 (0.024) 0.016 (0.042) 0.132 (0.048)
Lou Lumenick 0.821 (0.006) 0.202 (0.044) 0.046 (0.025) 0.823 (0.021) 0.178 (0.060) 0.003 (0.042)
Michael Phillips 0.799 (0.006) 0.092 (0.035) 0.091 (0.037) 0.789 (0.023) o.111 (0.053) 0.075 (0.050)
Mick Lasalle 0.665 (0.011) 0.018 (0.039) 0.147 (0.050) 0.661 (0.024) 0.003 (0.035) 0.119 (0.051)
Moira Macdonald  0.838 (0.000) 0.003 (0.009) 0.241 (0.052) 0.836 (0.021) 0.003 (0.036) 0.213 (0.053)
Owen Gleiberman 0.768 (0.011) 0.000 (0.000) 0.263 (0.038) 0.770 (0.025) 0.000 (0.008) 0.267 (0.049)
Peter Howell 0.807 (0.014) 0.008 (0.035) 0.234 (0.049) o0.811 (0.022) 0.045 (0.043) 0.273 (0.054)
Peter Travers 0.877 (0.006) 0.052 (0.028) 0.357 (0.046) 0.857 (0.019) 0.059 (0.038) 0.265 (0.052)
Rex Reed 0.670 (0.016) 0.129 (0.068) o0.001 (0.027) 0.680 (0.029) 0.224 (0.075) 0.001 (0.018)
Richard Roeper 0.791 (0.009) 0.008 (0.006) 0.355 (0.044) 0.787 (o.ozo) 0.004 (0.015) 0.266 (0.053)
Robert Denerstein  0.898 (0.009) 0.107 (0.035) 0.001 (0.034) 0.898 (0.021) 0.146 (0.062) 0.013 (0.042)
Roger Ebert 0.782 (0.000) 0.000 (0.000) 0.365 (0.035) o0.775 (0.015) 0.000 (0.007) 0.353 (0.047)
Stephanie Zacharek 0.700 (0.020) 0.080 (0.048) 0.004 (0.011) 0.688 (0.028) o0.115 (0.062) 0.004 (0.013)
Stephen Holden 0.790 (0.020) 0.057 (0.051) o0.102 (0.040) 0.800 (0.032) 0.076 (0.085) 0.014 (0.052)
Stephen Whitty 0.722 (0.006) 0.255 (0.053) 0.004 (0.000) 0.726 (0.022) 0.276 (0.052) 0.004 (0.002)
Steven Rea 0.771 (0.011) 0.023 (0.041) 0.227 (0.056) 0.763 (0.025) 0.164 (0.065) 0.244 (0.055)
Terry Lawson 0.799 (0.020) o0.104 (0.050) 0.186 (0.053) 0.795 (0.029) o0.151 (0.067) 0.147 (0.060)
Todd Mccarthy 0.782 (0.012) 0.039 (0.039) 0.109 (0.047) 0.790 (0.028) 0.019 (0.054) 0.095 (0.061)
Ty Burr 0.791 (0.009) 0.047 (0.034) 0.000 (0.021) 0.772 (0.022) 0.051 (0.045) 0.000 (0.026)
Unknown Reviewer 0.749 (0.016) 0.080 (0.056) 0.055 (0.051) 0.757 (0.039) 0.217 (0.102) 0.109 (0.073)
Wesley Morris 0.738 (0.006) 0.318 (0.055) 0.005 (0.000) 0.742 (0.024) 0.330 (0.054) 0.001 (0.000)
# Observations: 30440 22674

Notes: Bootstrap Standard Errors are computed on 100 iterpgipns for (I) and 500 for (II)



Table B.4.2: ML Estimates for Movie Specific Parameters on a Subset of the Data Set — Specifica-
tion (1) is defined as in section 2.6; Specification (IIl) excludes strategic biases; Specification (IV) is a

naive logit estimation of the prior.

(11) (111) (Iv)

Coefl. SE Coeft. SE Coefl. SE
Movie Specific, B:
Constant 1.124 (0.010) 3.076 (0.842) 2.208 (0.213)
Origin: USA -1.440 (0.037) -0.834 (0.226) -0.433 (0.056)
Origin: co-production USA -1.556  (0.102) -0.823 (0.244) -0.428 (0.059)
Remake -0.440 (0.232) -0.594 (0.270) -0.256 (0.062)
Sequel -0.434 (0.140) -0.263 (0.210) -0.076 (0.049)
Director’s number of previous movies 0.016 (0.000) 0.029 (0.010) 0.017 (0.002)
G rating 0.953 (3.439) 1704 (1.224) 0.972 (0.136)
PG rating 0.470 (0.201) 0.151 (0.206) 0.151 (0.049)
R rating 0.530 (0.060) 0.361 (0.129) 0219 (0.035)
NC-17 rating 0.345§ (6.490) 0.077 (1.976) 0.165 (0.222)
log(budget) 0.000 (0.000) -0.157 (0.050) -0.111  (0.013)
Reputation, §:
Google Search Index 3.5x10 % (0.000)
Conflict of interest, b°:
Average Bias 0.043 (0.040)
Likelihood -10422 -10620 -12144
# Observations: 17882 17882 17882

Notes: Standard Errors are bootstrapped on 189 iterations for (II) and 200 for (IIL).
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Table B.4.3: ML Estimates for Reviewer-Specific Parameters on a Subset of the Data Set — Specifi-
cation (I1) is defined as in section 2.6; Specification (II) excludes strategic biases.

(1) (111)

t b bt t
Reviewer’s Name Coeff. SE Coefft SE Coeff. SE Coeff. SE

Ann Hornaday 0.782 (0.029) o.125 (0.067) 0.205 (0.066) 0.768 (0.023)
Ao Scott 0.756 (0.028) 0.020 (0.048) 0.097 (0.060) 0.749 (0.022)
Carrie Rickey 0.760 (0.029) 0.000 (0.014) 0.296 (0.083) 0.754 (0.023)
Claudia Puig 0.822 (0.020) 0.108 (0.051) 0.128 (0.051) o0.805 (0.014)
Colin Covert 0.768 (o.ozo) 0.000 (0.001) 0.224 (0.051) 0.746 (0.017)
David Edelstein 0.775 (0.025) 0.039 (0.046) 0.207 (0.060) o0.770 (0.021)

Desson Thomson  0.806 (0.032) 0.154 (0.093) 0.000 (0.021) 0.804 (0.027)
Elizabeth Weitzman 0.792 (0.030) 0.084 (0.074) 0.093 (0.064) 0.778 (o0.021)
James Berardinelli ~ 0.784 (0.017) 0.164 (0.052) 0.098 (0.048) o0.762 (0.015)

Joe Baltake 0.644 (0.062) 0.000 (0.011) 0.515 (0.106) 0.652 (0.045)
Kenneth Turan 0.769 (0.032) 0.027 (0.056) 0.215 (0.090) 0.768 (0.026)
Kirk Honeycutt 0.727 (0.026) 0.000 (0.048) 0.071 (0.061) o0.717 (0.023)
Kyle Smith 0.646 (0.028) 0.361 (0.071) 0.000 (0.000) 0.630 (0.025)
Liam Lacey 0.788 (0.029) 0.461 (0.076) o0.000 (0.011) 0.744 (0.025)
Lisa Schwarzbaum 0.822 (0.022) 0.050 (0.053) o.111 (0.060) 0.802 (0.019)
Lou Lumenick 0.825 (0.023) o0.170 (0.071) o0.000 (0.047) o0.799 (0.018)
Michael Phillips 0.796 (0.021) o0.122 (0.056) 0.070 (0.053) 0.783 (0.016)
Mick Lasalle 0.655 (0.022) 0.000 (0.038) 0.123 (0.068) 0.657 (0.022)

Moira Macdonald  0.821 (0.024) 0.000 (0.025) 0.207 (0.063) 0.807 (0.018)
Owen Gleiberman  0.766 (0.025) 0.000 (0.024) 0.290 (0.054) 0.738 (0.024)

Peter Howell 0.807 (0.025) 0.042 (0.047) 0.263 (0.060) 0.769 (0.020)
Peter Travers 0.849 (0.022) 0.078 (0.051) 0.262 (0.059) 0.825 (0.016)
Rex Reed 0.670 (0.030) 0.280 (0.081) 0.000 (0.001) o0.620 (0.028)

Richard Roeper 0.785 (0.022) 0.000 (0.008) 0.257 (0.059) o0.749 (0.019)
Robert Denerstein  0.898 (0.022) 0.201 (0.069) 0.019 (0.043) 0.848 (0.024)
Roger Ebert 0.778 (0.020) 0.000 (0.010) 0.337 (0.054) o0.761 (0.015)
Stephanie Zacharek 0.683 (0.027) 0.078 (0.071) 0.000 (0.002) 0.656 (0.027)
Stephen Holden 0.783 (0.036) 0.088 (0.090) 0.026 (0.056) 0.793 (0.028)
Stephen Whitty 0.698 (0.020) 0.297 (0.070) 0.000 (0.000) 0.670 (0.019)

Steven Rea 0.765 (0.029) 0.118 (0.070) 0.226 (0.055) o0.740 (0.022)
Terry Lawson 0.761 (0.032) 0.146 (0.080) 0.200 (0.069) 0.737 (0.023)
Todd Mccarthy 0.791 (0.030) 0.000 (0.051) 0.106 (0.071) o0.780 (0.025)
Ty Burr 0.782 (0.021) 0.051 (0.061) 0.000 (0.032) 0.769 (0.019)
Unknown critic 0.759 (0.041) 0.237 (0.108) o.101 (0.083) o0.750 (0.033)
Wesley Morris 0.744 (0.028) 0.335 (0.065) 0.000 (0.000) 0.717 (0.021)
# Observations: 17882 17882

Notes: Bootstrap Standard Errors are computed on 189 iterations for (II) and 200 for (III).
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Appendix — Chapter 3

C.1 LoNG-RUN CONSUMERS

PROOF OF LEMMA 1:  From Table 3.4.1, which summarizes the discounted payofts of the incumbency
game, it is easy to see that whatever the equilibrium prices, the consumers obtain higher payoffs when
they coordinate and take the same action, that is, either both consumers stay or switch (St, St) and

(Sw, Sw). However, absent coordination, the decision of a consumer depends on her belief about the
action of the other consumer. We start from the case where a consumer is considering switching, and, we
denote by y her belief on the other consumer also switching. Therefore, given this belief, a consumer

decides to switch if:
1—p!

1— 98

I

I;,)—f—(l—y)x(l—pE—S).

1 —

1 —

<pXx (1—pE—S+8

By solving this expression for the price of the entrant, we obtain:

) = (1 —ud)p' — (;:g)S — (=98

which increases on the belief that the other consumer also switches. In equilibrium, the incumbent will
set a price such that the entrant cannot attract consumers without incurring negative profits:

I

p
1— 3§

2p" + 28 < o.
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Combining both expressions, the price of the incumbent is:

(1—u)8+(1—29)S
14 (1—p)é

plu) =

If we assume perfect coordination — y = 1 — we obtain the equilibrium prices
(p', p*) = ((1 — 8)S, —8S) and this coincides with the one obtained in Biglaiser et al. [8], where the
authors assume perfect coordination of consumers. Notice also that the equilibrium incumbent price is
decreasing with the belief y that the other consumer switches. And the price is minimal when there is
perfect coordination of consumers on switching. Therefore, the maximum incumbency price is when
consumers are pessimistic. A pessimistic consumer only switches if it is a dominant strategy to do so, and
this creates extra frictions that are beneficial to the incumbent.

In the other case, a consumer considers staying with the incumbent and with a probability y he believes
that the other consumer will also stay. Given this beliefs, the consumer switches to the entrant if:

I I

P +(1—y)x(1—p1)§1—pE—S+81 4

1— 348 1—38’

u X
which is equivalent to:

() = (1+8(r—2)p' 1+—<15_ s —(1-3)s

By applying the same reasoning, the incumbency price is given by:

(=85 (—ws
1—(1—p)s

which increases with y. Here perfect coordination means that both consumers stay with the incumbent

pl(u) =

u = 1and we obtain the same result as in Biglaiser et al. [8]. However, we establish a lower bound of the
price of the incumbent when no coordination between consumers occur. Furthermore, as it is a dominant

(1*3)5*(1)*8#)5 }
1—(1—u
Substituting those incumbency prices by the different levels of coordination y we obtain the multiplicity

strategy to set a negative price, the incumbency price is then p'(y) = max {o7

of equilibria as stated in the Lemma.

C.2  SHORT-RUN CONSUMERS

PrOOF OF LEMMA (3) :  Shilony [49] proves that there exists a unique equilibrium in the game where
the range of the supportis p — p < 2S. We solve the problem by considering different ranges of p
belonging to the support of the game:

p+ S < p <p. Withpin this range, we get that F(min(p + S,R)) = 1and
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F(max(o,p — S)) = F(p — S). Therefore, we obtain F(p — S) =1 — ;{which is equivalent to:
Flp)=1— —— for p<p<p—S
=1 or p< .
_—y p<p<p

p < p <p—S. Withpin this range, we get that F(max(o,p — S)) = oand
F(min(p + S,1)) = F(p + S). Therefore, we obtain F(p + S) = 2 — ;{which is equivalent to:

v
F(p)zz——s for p+S<p<p.

p— S <p <p+S. Thedifference between any price in this range and any point in the support is lower
than the value of switching costs. As a result, no firm loses or gains consumers when setting this
price. Accordingly, no firm plays with positive probability in this range of prices. Since the
distribution function is monotone and increasing with p, the distribution function in this range is:

v
Flp)=1—— for p—S<p<p+S.

p
Therefore, the distribution function is:
(o ifp < p,
1—;% ifp<p<p-S5,
F(p) = 1—}% ifp—S<p<p+S§, (C2.1)
z—pTVs ifp+S<p<p,
1 ifp > p.

If the distribution function in expression (C.2.1) constitutes a mixed strategy equilibrium, then the
expected profit of any firm is the same regardless at which point of the support it plays, that is,
m(pi, 07) = VVp; € [p, pl.

Consider that firm i sets a price p; = p — S — e forany ¢ € (0,p — p — S|. By setting this price, the
firm never loses its captive consumer and attracts the consumer of the other firm when it charges a price
p; > p — €. Hence, the expected profit for firm i is:

(P-S—e)(i+h—Fp—o)])=(F—S—e)x <p_—‘sf_€) _v.

Consider that firm i setsa price p; = p + S + e foranye € (o,p — p — S|. In this case, it will lose its
consumer if the other firm sets a price p; < p + ¢. Hence the expected profit of the firm is:

(oo o) - s () -

£+S+5
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Furthermore, if no firm plays with a positive probability the extremes of the supporti.e A(p) = o and
A(p) = o, then no firm i loses its captive consumer nor gains the consumer of the rival by setting a price
pi =p + Sorp; = p — Srespectively.'

Ifp;, = p+s the firm gets p+S and this should be equal to V. This gives the condition:
p=V-3S (C.2.2)

We obtain the same condition if and only if the distribution function in (C.2.1) has no atom at the

If p; = p — S, the firm gets p — S and this should be equal to V. This gives the condition:

p=V+S. (C.2.3)
The same condition is obtained if and only if the distribution function in (C.2.1) has no atom at the
upper bound of the support, li%x_l F(p) =2— ;,Tvs =1
1P

Combining condition (C.2.2) and (C.2.3), we obtain that p — p = 28 and the expected profit of the firm
is V'=p +S. Asaresult, expression (C.2.1) can be written only as a function of the lower bound of the
support p.

o ifp <p,
p+s . -
1—=— ifp<p<p+S,
I S B (Cas)
R 1f1_9+5<p<1_9+28,
1 ifp > p+2S.

To obtain the final expression of the distribution function, we make explicit use of the following Lemma:
Lemma 7. The distribution function F(p) in expression (C.2.4) is atomless.

Proof. We proceed by construction. First, using our tie-breaking rule, we calculate the profits that any
firm obtains if it plays at the upper bound of the support. This allows us to obtain the value for the lower
bound of the support. Finally, we use this value to prove that no atom exists at p 4 S. If a firm sets a price
equal to p = p + 2S., then, by the tie-breaking rule, the firm loses consumers if the other firm sets a price

equal or below p + S and this happens with probability B%S. Therefore, by setting this price, the firm
obtains profits: B

7r,-(p+zS,0j):(p+ZS)><<1—E; <:>@+ZS)X§:V
P P p P

= (p+28)x-—=p+S < p=+S

[las TV

'Firms only lose or gain consumers by setting this price if firms played with a positive probability at the extremes of the
support.
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]

Finally, with the lower bound p = /28, there exists no atom at p + S. From the picture above, we see

that the atom is equal to A(p + S) = s 5 and it s easy to check that A(p + S) = o whenp = /28

r - £+zS
and the distribution function is equal to:

0 ifp < /28,

o Flp) — 1= B AS <p < (14 V2) S, (Cas)
2= EBE i (14 2)S<p < 2+ 12)S, -
1 ifp > (24 +/2) S,

and the expected profit of firms playing this equilibrium is V' = (1 + 1/2) S which is the one introduced in
the proposition. (ii) If switching costs are S € (ﬁﬂ’ i) , there are two symmetric mixed strategy

equilibria where firms randomize over a support [p, 1] according to F(p) given by

(a) and each firm’s expected profit is equals to:
V=1-S§

(b) and each firm’s expected profit is equals to:

V:S+‘m“+9

From expression (C.2.5), the upper-bound is an increasing function of the level of switching costs S.

Since no firm sets a price above the consumers reservation price, the distribution function we obtained is
only valid for a value of switching costs S € <o7 ﬁ} . Consequently, when § € <ﬁﬁ’ i), the
upper-bound of the support is equal to 1 and the distribution function is:

0 ifp <p,

1—}:‘/5 if1_9<p<1—S,

Flp)=4¢1—-V if1—S<p<£+S, (C.2.6)
o ifp+S<p <y,

1 ifp > 1.

The shape of the distribution function as well as the expected profit depends on which end of the support
firms plays with a positive probability.

If F(p) = o. Firms do not put mass at the lower bound of the support and the distribution function is



given by:

o ifp <V-S,
14
1= 5 ifVv-S<p<i1-S§,
Flp)=31-V if1i—S<p<V, (C2.7)
z—pTVS ifV<p<i,
L1 ifp >1

We proceed by construction. First, we define the lower bound and show that for our value of
switching costs, the distribution function must have a mass at the upper bound of the support.
Finally, the expression of the expected profits is obtained by the absence of atom at price p + S.

When firms do not play with positive probability at the lower-bound of the support, then we obtain
p = V — S. If we assume that there is no atom at the upper bound, the expected profit is equal to

V =1 — S. However, in that case, we obtain that the atom at price p + Sis equal to

Alp+S) == ls_(is S), and this is negative for some of the values of switching costs — a

contradiction.

Therefore, the distribution function must have an atom at the upper bound of the support which is
AQ) = %/ Furthermore, when setting a price equal to p + S no firm attracts nor loses any
consumer.” Hence, no firm should play such a price with positive probability. The expected
profitability is then obtained from expression A(p + S) = o. This implies that:

Alp+S) = v v =V >
=o0 1—V=2——— = —
= V-S§ V—-S

Observe that by our tie breaking rule, a firm setting a price 1 — S never loses its captive consumer
and attracts the consumer of the rival when the rival sets a price equal to 1. This happens with
probability equal to the atom A(1). Therefore, by setting this price, the firm obtains profits:

7i(1=8,0) = (1—=8) x 1+AQ)) <= (1-S5) (1—}—%/) =V

Finally, we need to prove that no firm wants to deviate by setting a price out of the support. Clearly,
no firm deviates by setting a price above the upper bound of the support as it makes no sales.

if F(1) = o. Iffirms do not put mass at the upper bound of the support, the distribution function is given

by expression
(o ifp < = s’
1—;“2: 1f;s§p<1—S,
d=F@p)=<$ ifi—§<p< I (C.2.8)
1— 1+S(1—S
2—p_§ 1f+( )<p<1
1 1fp21.

*This is the case as the range of the support is twice as low as the value of switching costs.
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Again we proceed by construction. First, we obtain the expression of the expected profit by the
assumption of no atom at the upper bound. Using the same reasoning as before, there should be a
mass at the lower bound. Finally, the expression for the lower bound is obtained by the absence of
atom at the price p + S.

When firms do not play with positive probability at the upper-bound of the support, we obtain
V =1 — §. We reach the same contradiction as before by assuming that there is no atom at the

lower bound of the support. Therefore, the distribution function must have an atom at the lower

p+2S—1
p+S :

the lower bound of the support, no firm sets with positive probability the price p + S. Then, the

bound of the support and it is given byA(}_a) =

Furthermore, as there is a positive mass at

lower bound of the support is obtained from expression A(p + S) = o

\% 1—3S
Ap+S) =0 <= 1—-V=2—— <= p= S
£ F—,_
Observe that by our tie-breaking rule, a firm setting a price equal to p + S never attracts the
consumer of the rival and it loses its consumer when the other firm sets a price of p, which happens

with probability A(p). Therefore, by setting this price, the firm obtains profits equal to:

p+285—1
mi(p+ S,0) = (p +S) X <1—A(p)) < (p+8)x (1— W) =1—3S
PROOF OF PROPOSITION (10)

Part I: We first prove the case of full collusion. Point (1) of the proposition is the standard case where
consumers do not have any switching cost, and we refer to any textbook of Microeconomic Theory for a
formal proof. To prove points (2),(3),(4) we define first the present discounted profit of the initial path
with full collusion. Because consumers do not switch in the initial path, firms obtain the same profit at
each period. Therefore, the present discounted profits are equal to:

If we introduce this result in expression (3.6.1) together with the optimal deviation price p? and the
present discounted profit of the punishment path obtained in proposition (3), we obtain that for a level of

switching costs § € (o, ﬁﬁ} , the initial path constitutes an equilibrium if:

M(p(0) = 25 2 2 (1= 9)+8 (U0 ) =t + (I p(V)
1—2S

=i >— = 5(S)

T2 (3+V2)S

For a level of switching costs § € <; 1), whether the initial path is sustained or not depends on the
24+4/27 2
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punishment path firms coordinate on. If there is coordination on the mixed strategy equilibrium o, the
initial path is sustained if:

1— S8

1— 86

Ii(p(o)) = — 5 >22% (1=9) +8( ) = p! + SE(IL(p(N)))

and with coordination on ¢, the initial path is sustained if:

I(p(o) = —5 > 2% (1=8) + - _VS = pi + SE(TL(p(N)))
—5> 21— 25) =5($)

T 41— 8) — (S+/S(4+9))

Finally, point (4) is trivial as the punishment path coincides with the initial path and full collusion is
always sustained for any value of the discount factor.

Part II: Now we consider the region where a partial collusive equilibrium is possible. When S > 1/2,
we have already shown that p° = 11is sustainable. Therefore, we only consider there the case where the
magnitude of switching costs is S < 1/2. For a collusive price to be sustainable, we need it to be such that
no profitable deviation by the firm occurs (condition 1). We also need the collusive price to be higher
than the expected profit in the static Nash reversion (condition 2). Because our Nash reversion is one
with mixed strategy equilibrium we assume that firms in our model are risk neutral.®

We proceed to derive both conditions. Condition (2) is easily computed:

P2 0=8xEM@MpN)=v ()

Condition (1) will depend on the level of switching costs. If § < p;c we have that the optimal deviation
price attracts the consumers of the rival. Therefore, no firm deviates form the collusive price p° if:

c

1118 > 2 % (pf — S) + 8 x E(T1 (p(N)))

(5 > 50— ) xEM V) —26-HS (1)
(28 —1)p* > 8§V —2(1—§)S

When § € <%C, i) the optimal deviation price is one arbitrarily close to p* and the firm will not attract the

consumers of the rival, therefore we obtain that the firm does not deviate form the collusive outcome if:

C

p
1— 3§

> +EXE(p(N) < p' 2 (=8 xEM(pN) =V ()

and this coincides with condition (2).

*This assumption is crucial to be able to compare profits of the collusive path with Nash.
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We just need to verify that both conditions (1) and (2) are satisfied for different values of switching
costs. Indeed, in the main text we found the region where a full collusion outcome is sustainable, in this
section we look whether partial collusion can be an equilibrium of the game.

Se (o, ﬁ) . In this case both equilibria ¢’ and ¢ have the same discounted profit V= (1 + 1/2)S.

By introducing it in condition (1) we get:

Fei -0 2s[6tvas -2 )
ch%(:?) for§ >1/2
<94 r<p for§ <1/2
S=o for§ =1/2

and condition (2) is:

pF>(+v2)8

« For§ > 1/2:if p > 1, any form of collusion is impossible, firms win the expected profit
earned by playing the Nash reversion. p < 1implies:

S[(3+v2)8 — 2
28 —1

<1 <= §(SB+v2)—2) <281

2§ —1
= §>— =18
= S6rvm) 2
and in the area where there is no full collusion in equilibrium we find that p > 1. Observe
that the last inequality comes from the fact that § < ﬁ which is the case for the value of
switching costs that we are considering here.

« For§ < 1/2: psatisfies condition (2) if p > (1 + /2)S < § > 1. So the maximum collusive
price in that case is always below the expected gain in Nash reversion and condition (2) is
violated.

As aresult, for this range of switching costs there is no possible outcome with partial collusion:

Se (2 - 7 i) For the equilibrium o we know that V = Sy St ”j(ﬁ—s). By introducing this to condition

(1) we get:

pc<28_1)2588—4S+28\/S(4+S) )

BV (5 for§ >1/2

c

4 > 2(28—1)
<N PSP for§ <1/2
02% vSWFS)<:>S:oorSZ§ for§ =1/2
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and condition (2) is:
S+/S(4+9)

2

j

« For§ > 1/2:if p > 1, any form of collusion is impossible, firms win the expected profit
earned by playing the Nash reversion. p < 1implies that:

8S —4S+8+/S S
> il 4+ )<1 > 8S—4S+8/S(4+S) <2(28 —1)

2(28 —1)

4S — 2 B
sSS—a4++/S(a+S)

and the area where there is no full collusion in equilibrium we find that p > 1.

= §>

fS)

« § < 1/2: psatisfies condition (2) if < p > V
568 — 485+ 8/S(4 + ) _ S++/S(4+3S)
2(28 — 1) 2
= 38+ /S(4+8) <8 x (—3s+ \/s(4+s)) — 5>
and the profits obtained by Nash reversion are higher than the ones of maximal collusion.

Observe that \/S(4 + S) > 3S <= S < > which is the case that we are considering. We

find that, in the equilibrium o there exist no equilibrium with partial collusion.

For the equilibrium ¢! we know that V = 1 — S. By introducing this to condition (1) we get:

p(26 —1) > 8 —S[2— 9] (1)

P N A
<9 pF<p for§ <1/2
S>1/3 for§ =1/2
and condition (2) is:
pr>1—-S

« § > 1/2:if p > 1, any form of collusion is impossible, firms earn the expected profit earned
by playing the Nash reversion. p < 1implies that:

1—2S_

mgl — 1-25<(1—-8)§ < §>
28 —1 1— S

fS)

and the area where there is no full collusion in equilibrium we find that p > 1.

« § < 1/2: Full collusion is possible if p > 1 <> § > f(S) with f(S) = *=2. f(1/3) = 1/2and
f(1/2) = 0. When § < f(S), full collusion is not possible but partial partial collusion is

possible if p° < 1is. To check that, we need to verify that p, i.e. the maximum collusive price,
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satisfies condition (2): p >1—§

§—S[— ¢

28 —1 >(1=S8) &= §36S—1) < (38—

and the above expressionis § > 1if § < and § <1ifS > 2 e . Therefore, for S > 1/3, the

collusion price is higher than the expected profit in Nash reversion players play the highest
§—8(2—9)

~—— For § < 1/3, collusion is not possible and players

collusive price possible p* = p =
play the Nash reversion.

C.3 INCREASING SWITCHING COSTS

PROOF OF PROPOSITION (4) : We start by obtaining a candidate equilibrium in the sub-game where
one of the firms have both consumers. Later, we check that no firm wants to deviate. Therefore, we work
with the sub-game where one of the firms have both consumers, by deviating at the first period, and for
t — 1 periods there has not been any switch by any consumer. Therefore, at period t there are two types of
consumers in the economy. The high switching costs consumer with switching costs S; and the low
switching costs consumer with switching costs S;_,. We define by IT(2) = > . & (2 X p;) and
(1) = >, §' X p, the expected discounted profits of having two or one consumer respectively and p,
stand for the equilibrium price. The firm having no consumer obtains zero discounted profits and we use
this condition to obtain the equilibrium prices.

When consumers differ on the level of switching costs two possibilities arise. The firm having no
consumers can undercut the price to attract both consumers, or it can set a price to attract only the
consumer with low switching costs. We proceed to examine both possibilities.

Attract both consumers : The firm having no consumers has zero discounted profits, by undercutting
the price by S it attracts both consumers. In the continuation game as there is no further switch it
gets a discounted profit of §T1(2). Therefore, the equilibrium price is obtained with the expression:

2 X (pr— §) + 8I1(2) = o, (C3.1)

and this is equivalent to:

2% (pr— 8) x 8= —8I1(2) x & <= Y (ax (p—8) x8) =) (-8M(2) x &

t>o0 t>o

< I(2) —2x V(S) = — X II(2) <= II(2) =201 — §)V(S).

1— 3§

Using this result and equation (C.3.1), we obtain that the punishment equilibrium price is
pi = S — 8(1 — 8)V(S), and the pair of prices or punishment path is equal to:

p(i) = {S: = 8(1 = 8)V(S), =8(1 = §)V(S)} -

However, with this punishment path, the low switching costs consumer switches to the firm having
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no consumers. Hence, if the deviating firm wants to ensure that no consumer switches, the
difference in prices has to be equal to the magnitude of the low switching cost consumer. Therefore,
a punishment path where no consumer switches is given expression (3.7.1) in the Proposition.

Attract low switching costs consumer : If the firm with no consumers aims at attracting only the low
switching costs consumers, she undercuts the price of the rival by S;_,. The continuation game that
follows, and assuming that there is no further switch, is one where each firm has a consumer each
and the discounted profits are given by 8T1(1). Therefore, the equilibrium price is obtained by the
expression:

(Pt - Stﬂ) + 8§ X H<1) =o0 (C.3.2)

and by doing similar algebra as before, we obtain:

(pr — Sia) X 8 = —8I0(1) x & <= > ((pr — Si) x 8) = Y _ (—81(1) x &)

t>o0 t>o0

= TI(1) — 8§ x V(S) = —

—5 X (1) < II(1) =81 — 8)V(S).

Introducing this expression into (C.3.2), the equilibrium price is equal to
pi = Si—, — 8 (1 — §)V(S) and the punishment path arising is defined by:
pii) = {8 = & (1 = HV(S), =8*(1 = V() },

and no consumer switches as the difference between prices is equal to the magnitude of the low
switching costs consumers. But then, the way we have obtained this candidate equilibrium price is
false as the candidate price equilibrium p; is different from the one in expression I'(1) that emerges
when a consumer have switched.

Therefore, the only equilibrium in the incumbency game is:

(pe(§ = 2),pi(§ = 0)) = (St — 8(1 = 8)V(S), =8(r = §)V(S)) -

We now have to check that no firm wants to deviate with the proposed incumbency price. Because
consumers are short-sighted, no consumer switches as the price difference is equal to the value of low
switching costs consumers. We start by considering possible deviations by the firm with no consumers.

p_i = —8(1— §)V(S) — ¢ . There are two possible situations:

e = 8 — S;—, . This way the firm attracts both consumers and its expected discounted profits are:

2 X (S, =S —8(1—=8)V(S)) + 8§T(2) <= 2 X (S, — 8;) — 28(1 — §)V(S) + 28(1 — §)V(S)
= 2x (S, —8) <o as S, > Si,.

¢ > o . This way the firm attracts only the low switching costs consumers and its expected
discounted profits are:

—8(1—=8)V(S)+8I1(1) < —8§(1—8)V(S)+81—8)V(S) <= —81—98)*V(S) <o
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p_i = —8(1— §)V(S) + ¢ . This is not a profitable deviation as the firm does not attract any consumer
by setting this price and its expected discounted profits are zero.

Finally, It is left to check that the firm having both consumers does not want to deviate from the proposed
punishment path.

pi =S, — 8(1— 8)V(S) — ¢ . Itis easy to see that this is not a profitable deviation as the firm has the
same demand and it sets a lower price.

pi =S8, —8(1—8)V(S) +¢ .Fore =S, — S;_,. This does not constitute a profitable deviation if:

2X (S, — (1 = 8)V(S)) + 8T1(2) > S, — 8(1 — §)V(S) + 8§T1(1)
= 2(8-, —8) > §(I1(x) — II(2)) + 8(1 — §)V(S).

By substituting by the discounted profits that we obtained above and by assuming a comparable
value of switching costs V(S) = (1 — §)S we obtain:

2 (Sis— ) > 8 (8(1— 8)V(S) — 2(1 — 8)V(S)) + 8(1 — 8)V(S)
= 2(S = S) 2 81— 8)(E—)V(S) < 2 8 (S — ) = (5 —1)V(S)

t>o

5 — 38
= 28, +28V(S) > (8 — 8§ +2) V(S) = S, > <%§;2> S.
2(1 —

(C:3.3)

Therefore if the initial switching costs is high enough S, € ( <5263f$ = 1) X S) . Then, there does

not exist a profitable deviation from the proposed incumbency price since we obtain that

Foalte ) e § <1
2(1—39)

156



Appendix — Chapter 4

D.1 NOTES ON THE THEORETICAL MODEL

Our model of revenue management is in the spirit of Talluri and Van Ryzin [5 1] who study revenue
management in the transport industry. But in their model one product consists of a seat and a price.
Therefore the same seat proposed at two different prices actually constitutes two different products. In
contrast, we consider that the price is a separate variable." Modelling the price as an additional variable
implies that the revenue manager never proposes the exact same product at two different prices. This is
useful when we allow for some randomness in the preferences of consumers. Indeed in Talluri and

Van Ryzin [ 51], the revenue manager can simultaneously propose the same product at two different
prices, and when demand is simulated using a multinomial logit approach, consumers choose the highest
price with a positive probability, which is unrealistic.

An additional difference is that we allow for different products to have different capacity constraints.
Taking the example of two flights departing the same day, once all the tickets for the first one have been
sold, the revenue manager can only propose tickets for the second one.

We show that introducing physically constrained characteristics has an impact on the revenue
manager’s strategy. Talluri and Van Ryzin [5 1], show that the revenue manager only proposes menus on
the efficient frontier when optimizing her profit function. For them, a menu is efficient if linear
combinations of other menus cannot do better in terms of expected revenue £ (x|p) except by increasing
the total probability of purchase. We show that this is not necessarily the case in our model. We take the
example of two types of products, each limited to 200 units. Possible prices for each product are
P = {50, 70, 90, 110}. Consumer preferences are defined as in section 4.5. In Figure D.1.1, we plotted all
combinations of products and possible prices according to their total probability of purchase and

"We can consider that in Talluri and Van Ryzin [51], the revenue manager can only control which types of products to
propose. Our revenue manager has control over two dimensions: which types of products to propose and at what price.
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Figure D.1.1: Total probability of purchase (horizontal axis) and the associated expected revenue
(vertical axis) of the different possible menus of prices. Efficient frontiers are represented by plain
lines. Menu A, which is not on the efficient frontier, is played 12.9% of the time when the arrival rate
of the consumer is A = 0.6.

expected revenue. Product-price combinations that are efficient according to Talluri and Van Ryzin [51]
are represented by coloured dots and linked together. According to the theoretical result of Talluri and
Van Ryzin [ 51], other combinations should not be proposed by the revenue manager. However, by
computationally solving for the optimal pricing of the revenue manager, when A = 0.6, the revenue
manager proposes an inefficient menu of prices, (90, 50), in 12.9% of the periods of the booking process.
This percentage corresponds to an average over 1000 simulations. We attribute this to the fact that we
allow for several capacity constraints.

D.2  VALUES OF PARAMETERS

In Table D.2.1, we summarize the values we use for consumer preferences and train characteristics.
Simulations (1) refer to the simulations in the distributive properties of the revenue management.
Simulations (2) refer to the case of heterogeneous consumers. Simulations (3) and (4) respectively stand
for indirect and direct competition. Finally, simulations (5 ) are used in robustness checks presented in
Appendix D.3.
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Table D.2.1: Summary of parameters’ values used in the different simulations.

(1) (2) (3) (4)  (s)

# trains 1 2 1 2 2
X; 400 200 400 200 200
v 1.5 1.5 1.5 1.5 1.5
a o} -0.§ o o -0.§
Y 0.03 yB = 0.01; y‘L = 0.03 0.03 0.03  0.03
Vo 1 1 {0.1,0.5,1,1.5,2} 1 1
T 2000 2000 2000 2000 2000
# simulations 1000 1000 1000 500 1000

D.3 DiscussioN OF REVENUE MANAGEMENT VS. OPTIMAL FIXED PRICE

We define the load rate as the ratio between the number of sold units over the total number of available
units of the same type. If we take the example of a plane with load rates of 100% for first-class tickets and
80% for economy seats, it means that all seats in first class were booked and 80% of the economy seats in
the plane were booked. It is therefore a measure of how full the plane is. Compared to the fixed price
strategy, the increase in consumer surplus is driven by higher amounts of sold units or load rates. This is
due to the finer choice set of the revenue manager which allows her to post higher or lower prices
depending on the past sales. For instance, for A = 0.9, when the spread around the optimal price is equal
to 5, the revenue manager posts the lowest and highest prices with a relatively high frequency:
respectively 21% and 17% of the time. Of course, the larger the spread, the smaller the frequencies at
which the lowest and highest prices are posted since they become dominated by the fixed price.

This seems to indicate that revenue management is especially useful for large market sizes (at least
when consumers are homogeneous) because in that case it allows the revenue manager to temporarily
decrease the posted price when there is no sales and to take some risk in the other case. When demand is
low and it is nearly impossible to sell all available units, sales variations never reach the point which
induces the revenue manager to change the optimal fixed price. Intertemporal discrimination in this case
becomes useless as the changes in the probability of reaching the capacity constraint are negligible
compared to the coarseness of the price grid.

Figure D.3.1 displays the average posted price as a function of the booking period for different
intensities of demand and a small spread, { = 7. Obviously, the average level of posted prices increases
with the arrival rate of consumers. We also observe that the optimal fixed price is played with probability
1 at the beginning of the booking period. Then, in the middle of the booking period, the average posted
price is roughly equal to the optimal fixed price, with some noise or without, respectively when
A = 0.7,0.9and when A = 0.3. When A = o.5, it is even slightly higher. This indicates that deviations
from the optimal fixed price may occur if the market is sufficiently large, but these deviations might be
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centred around the optimal fixed price, i.e. the revenue manager might have on average equal incentives to
lower or increase the price. At the end of the booking period, the revenue manager tends to post the
lowest price more often. This is consistent with the incentives derived from the theoretical model.
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Figure D.3.1: Change in posted average prices as a function of the booking period when the price
setis P = {p° — 7,p°,p° + 7}. Figures (a),(b),(c),(d) deal with increasing intensities of demand, corre-
sponding to an expected arrival of respectively 600, 1000, 1400, and 1800 consumers.

Remark 6. To test whether this result is robust to a more complete choice set, we do the same exercise allowing
the choice set of the revenue manager to be richer. In these simulations:

P={p,ptsih <i<E forf=1,2,...

As shown by Figures D.8.4 and D.8.5 of Appendix D.8.2, we find similar qualitative results in that case.
Consumer surplus does not decrease even if the action set of the revenue manager is richer. The average price
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throughout the booking period is again very close to the average optimal price (within 1 unit) but the load rates
are significantly higher when A is sufficiently high and the revenue manager actually discriminates. For instance,
atA = o.9, the load rate under revenue management is around 99.7% against 98% for optimal pricing.

All these findings are robust to a more general specification including different substitutable types of
products.

In a more realistic framework, the revenue manager has to optimize her profit over two types of
products from which consumers can choose. We want to test whether or not adding more flexibility in the
choices of consumers affects the comparison between revenue management and a fixed price strategy. We
suppose that the choice set P of prices available to the revenue manager remains identical between the
two types of products. In the case of a fixed price strategy, we also assume that the proposed price is
identical for both types. In transports, this could correspond to a situation in which the revenue manager
is required to set an identical price for all transports running on a particular origin-destination leg. The
parameters used in this section can be found in Table D.2.1 of Appendix D.2, column (5). a = —o.5
means that consumers now prefer product 1 over 2. For instance, if the two types of products refer to two
different flights the same day on the same origin-destination leg, this can be interpreted as one flight being
more convenient than the other.

We test whether or not revenue management is an improvement over a fixed price strategy and
measure to which extent revenue management including the optimal fixed price raises profits and affects
consumer surplus.

To do so, we compute the optimal fixed price p° for the two types of products and the simulated
average profit and consumer surplus associated with this price. We then construct the choice set P of the
revenue manager to include the optimal fixed price and some small variations around it:

P={p—&p"p"+&_ ., =12...

The revenue manager’s choice set is again small but Figures D.8.6 and D.8.7 of Appendix D.8.2 show
that revenue management strongly increases both profits and consumer surplus. In fact, all the
conclusions we found for one type of products seem to extend to this case. For small market sizes, the
effect is not significant. For A > 0.4, revenue management increases both profits and consumer surplus.
For some spread values, profits rise from 4% for A = 0.5 up to 12% for A = o.9. This corresponds to large
increases in consumer surplus: between 20% and 30% for the same spread values.

The importance of the impact on profit in this case is easily explained by the way we construct the
optimal fixed price: we consider a unique fixed price for two types of products, i.e. rule out any possibility
to price discriminate between the two types even though one is more attractive than the other.
Introducing revenue management offers this possibility despite identical choice sets for the two types.
This gives more leeway to the company and considerably raises profits. However, price discrimination
between the two types is only profitable when the arrival rate is sufficiently high.

What is more surprising is the huge positive impact on consumer surplus. One might expect that price
discrimination between the two types of products allows the firm to extract consumer surplus more easily.
We attribute this result to the increase in load rates: more consumers can afford to purchase a product,
especially at the beginning of the booking period. For instance, for A = 0.5, 88% of the seats of the less
attractive product are sold under revenue management with a spread £ = 15 whereas only 61% of the seats
are sold under a fixed price strategy.
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Remark 7. To isolate the sole impact of revenue management as intertemporal price discrimination from the
impact of price discrimination between types of products, we also carry out an analysis in which we compute an
optimal fixed price for each type. The resulting price vector is denoted p°. We then construct the choice set P of the
revenue manager to include for each type, its optimal fixed price and some small variations around this price:

P = {Pto - gapf?p? + E},—:m_ 5: 1,2,...

In this case, the results are similar in nature although the importance of the impact of revenue management is
much weaker, as seen in Figures D.8.8 and D.8.9 of Appendix D.8.2. For A > 0.4, the increase in profit lies
between 0.8% and 1.7%, with a more pronounced impact for high intensities of demand. For the same arrival
rates, the increase in consumer surplus varies between 1% and 2.7%.

D.4 EXTENSION TO HETEROGENEOUS CONSUMERS

D.4.1 INCREASING ARRIVAL RATES

To simulate two types of consumers randomly arriving at each period, we first have to simulate the
probability that one consumer arrives at a given period, then draw the type. Indeed, we cannot have two
consumers arriving during the same period. Since in the application to transports, the business type has a
probability of arrival increasing as time comes closer to departure and the arrival probability of the leisure
type is constant, the overall probability of arrival must increase as well.

Considering this, we define the probability of arrival of one consumer as :4,(p;, p, ) = PPy

prt1
and p, are the relative rates of arrival of respectively leisure and business passengers. The probabilities of

being of type (= b, I) conditional on an arrival are defined as:

, where p,

P(z|arrival) = P T=>b,l
p.tp

-7

The unconditional probability of a type-7 arrival is therefore given by:

P(7) = P(r N arrival) = Ps =",
prt1

We find this way of modelling arrivals convenient since it implies that for all values of p,, ,(p,, .) goes to
1as p, goes to 1, which allows us to model a very intense demand towards the end of the booking period.

We want the arrival rate of leisure types to be constant and the one of business types to increase in time.
Hence p, has to vary across time. We model it as a discretized version of an exponential distribution:

Py, =€ ¢ fort=T,...,1

Here, y is a large number which we use to parametrize the curvature of p, . As tis large, i.e. far from the
departure date, p, is close to zero and tends to 1 as f goes to 1.

Table D.4.1 gives the correspondence between the expected number of arrivals we want to model and
our two parameters, ¢ and [
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Table D.4.1: Correspondence between the expected number of ar-
rivals, 4, and p,.

E(arrivals) 400 600 800 1000 1200 1400 1600 1800

Y 223 35§ 511 710 988 1430 2290 4815
P

L 3 z 2 9
3 7 13 3 1

O =
-
~
i

D.4.2 THE MODIFIED BELLMAN EQUATION

The Bellman equation of section 4.3 naturally extends to this new set-up:

Vi(X) = max YY" Pr(r)Pr(d; = 1[p, 7) [pi + Vieu (Xi — 1, X))

PEILP;

wefbl} i
+ =X+ Pr()Pr(d, =1|p, 7 =1)
+ Pry(b)Pr (d, = 1|p, 7 = b)| Vit (X) (D.g.1)

subject to the final constraints:

Vo(Xi) =0 7VX,'
Vi(X) =0 , whenever ZiXi =o0 (D.4.2)
f’i = 400 y let =0

The demand mechanism is modelled as before except that coefficients in the utility functions are
type-dependent.

D.s A REDUCED-FORM MODEL OF INDIRECT COMPETITION

To evaluate the impact of indirect competition on revenue management, we study how average profits,
consumer surplus and load rates change with the value of the outside option.

D.s.1  DEMAND MODELLING WITH VARIABLE OUTSIDE OPTION

The consumer utility when she chooses the outside option is now: u, = In(v,) + &,, in which v, € R**
is a parameter capturing the competition intensity and &, is the random part of the utility defined as
before. In the benchmark model of section 4.3.3, v, = 1. The higher v,, the higher the intensity of indirect
competition.



This new specification yields the following market shares:

~ u(pi) i(pi)
Pr(d, = 1lp) = —= = =0
(di |P) e ) | gn(v)+E(=0) Z,-ezeu(P’)"“’o

(D.s.1)

Pr(do = 1’15) = Eielea<?j)+161n(VO)+E(EO) = Z}_g[;‘zﬁj)_j’_vo
It is obvious that:
lim Pr(d, = 1|p) = oand lim Pr(d, =1|p) =1

Vo—>0 Vo—> 00

The other features of the model remain the same.

D.s.2  VALUES OF PARAMETERS AND RESULTS

Values of parameters used in this setup are summarized in Table D.2.1 of Appendix D.2, column (3). The
arrival rates are the same as before, i.e. 1 € {0.2,0.3,0.4,0.5,0.6,0.7, 0.8, 0.9}, and the choice set of the
revenue manager is given by P = {20, 40, 60, 80, 100, 120, 140, 160}.

Figures D.8.16 and D.8.17 of Appendix D.8.4 summarize our results for indirect competition: as
competition increases, profits go down while consumer surplus increases. Since we model an increase in
competition as an increase in the value of the outside option, these results are quite intuitive: a higher
outside option means that the revenue manager’s products are less attractive (hence less profits) whereas it
also mechanically raises the final consumer surplus through the utility of consumers who do not purchase.

We also look at the impact of indirect competition on average prices posted during the booking period
and on price dispersion. These results are summarized in Figure D.8.18 of Appendix D.8.4.
Unsurprisingly, stronger indirect competition drives prices down. However, its impact on price
dispersion is more ambiguous: for low arrival rates, price dispersion is higher when competition is weak;
the opposite is true for high arrival rates.

D.6 Mixep EQUILIBRIA

In a mixed equilibrium, players randomize over their action set, here: P = {p', p’, +00} , i = R, A. We
have shown that in this special case, p' = +00 is always dominated by the other prices unless X' = o.
Therefore, any mixed equilibrium of a continuation game at ¢ is a randomization over
{p',p'} fori = R, A. In the following, we denote ¢’ = P(p' = p’) and by abuse of notation ¢’ also
denotes the action of player i when she randomizes.”
Finding an equilibrium in mixed strategies of the continuation game at t amounts to find ¢’ fori = R, A:
Suppose i plays ¢'. Then, —i needs to be indifferent between p~* and p~ to play a mixed strategy, which
is summarized by the following condition:

o (X, dp ) =9 (X0 p) (D.6.1)

where:

2Although any pure strategy is a mixed strategy, here we refer to mixed strategies if and only if o € (0,1)
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i*

o (X0 p) = o T (Xpp) + (1 - o (XpLp)
Equation D.6.1 therefore yields:

(D.6.2)

D.7 MULTINOMIAL LOGIT APPROACH AND HORIZONTAL DIFFERENTIATION

Here are more detailed explanations about why overall demand for the proposed products increases if we
introduce an additional vertically undifferentiated choice. Assume that given a vector of price p, the utility
of buying any product is given by u whether we are in the monopolistic or the duopolistic case.

Then, in the monopolistic case, the probability of buying a product is:

e 1

mb = =1 —
p" (buylp) e

In the duopolistic case, the probability of taking of choosing the product of one firm (e.g. firm 1) is
given by:

eu

2e* +1

which is of course lower than the probability of buying a product in the monopoly. However, the overall

p’(buy1lp) =

probability of buying in the duopoly is given by 1 — -, which is higher than in the monopoly.
To give some economic intuition to this result, we say that adding an additional type of products, even
vertically undifferentiated, can create horizontal differentiation.



D.8 SIMULATION RESULTS

D.8.1 DyNaAMICS OF PRICES

Average Price
70 90 100
| |

60

50

40

| | |
2000 1500 1000 500 0

Booking Time

Figure D.8.1: Average change in prices when 1 = o.5 and the revenue manager chooses the price
from {20, 40, 60, 80,100}
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D.8.2 THE DISTRIBUTIVE PROPERTIES OF REVENUE MANAGEMENT
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Figure D.8.2: Average change in profit between optimal fixed pricing and revenue management for
different intensities of demand for homogeneous products.
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Figure D.8.3: Average change in consumer surplus between optimal fixed pricing and revenue man-
agement for different intensities of demand for homogeneous products.
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Figure D.8.4: Average change in profit between optimal fixed pricing and revenue management for
different intensities of demand for homogeneous products and various sizes of choice sets.
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Figure D.8.5: Average change in consumer surplus between optimal fixed pricing and revenue man-
agement for different intensities of demand for homogeneous products and various sizes of choice sets.
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Figure D.8.6: Average change in profit between optimal fixed pricing and revenue management for
different intensities of demand and two types of products. The optimal fixed pricing consists here of a
unique optimal price for all products.
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Figure D.8.7: Average change in consumer surplus between optimal fixed pricing and revenue man-
agement for different intensities of demand and two types of products. The optimal fixed pricing con-
sists here of a unique optimal price for all products.
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Figure D.8.8: Average change in profit between optimal fixed pricing and revenue management for
different intensities of demand and two types of products. We compute here a fixed optimal price for
each type of products.
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Figure D.8.9: Average change in consumer surplus between optimal fixed pricing and revenue man-
agement for different intensities of demand and two types of products. We compute here a fixed opti-
mal price for each type of products.
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Figure D.8.10: Average change in profit between optimal fixed pricing and revenue management for
different intensities of demand when consumers have an increasing willingness to purchase.
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Figure D.8.11: Average change in consumer surplus between optimal fixed pricing and revenue man-
agement for different intensities of demand when consumers have an increasing willingness to pur-
chase.



lambda=0.2 lambda=0.3 lambda=0.4 lambda=0.5
2 -
1 -
o 0 7
°
o
£
[0}
a lambda=0.6 lambda=0.7 lambda=0.8 lambda=0.9
02+
[&]
£
B
1=
O -
1 1 1 1 1 1 1 1 1 1 1
0 10 20 300 10 20 300 10 20 300 10 20 30

Spread around the Optimal Price

X Non-Significant (5%)O ' Significant (5%)

Figure D.8.12: Average change in profit between optimal fixed pricing and revenue management for
different intensities of demand when the arrival rates of consumers is noisy.
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Figure D.8.13: Average change in consumer surplus between optimal fixed pricing and revenue man-
agement for different intensities of demand when the arrival rate of consumers is noisy.



D.8.3 REVENUE MANAGEMENT AND HETEROGENEOUS CONSUMERS
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Figure D.8.14: Distribution of the revenue manager’s choices for each type of products in the case
of heterogeneous consumers.
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Figure D.8.15: Change in posted average prices as a function of the booking period in the case of
heterogeneous consumers. Figures (a) and (b) respectively deal with the off-peak and rush-hour trains
for an expected arrival of 600 consumers. Figures (c) and (d) respectively deal with the off-peak and
rush-hour trains for an expected arrival of 1800 consumers.
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D.8.4 REVENUE MANAGEMENT AND INTERMODAL COMPETITION
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Figure D.8.16: Average profit generated by revenue management for different market sizes and dif-
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ferent values of the outside option.
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Figure D.8.17: Average consumer surplus generated by revenue management for different market
sizes and different values of the outside option.
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Figure D.8.18: Average price and price dispersion in the case of revenue management for different
market sizes and different values of the outside option.



